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Abstract

Deep reinforcement learning (DRL) can be used to optimise the performance of Collective Heating Systems (CHS) by reducing

operational costs while ensuring thermal comfort. However, heating systems often exhibit slow responsiveness to control inputs due

to thermal inertia, which delays the effects of actions such as adapting temperature set points. This delayed feedback complicates the

learning process for DRL agents, as it becomes more difficult to associate specific control actions with their outcomes. To address

this challenge, this study evaluates four hyperparameter schemes during training. The focus lies on schemes with varying learning

rate (the rate at which weights in neural networks are adapted) and/or discount factor (the importance the DRL agent attaches to

future rewards). In this respect, we introduce the GALER approach, which combines the progressive increase of the discount factor

with the reduction of the learning rate throughout the training process. The effectiveness of the four learning schemes is evaluated

using the actor-critic Proximal Policy Optimization (PPO) algorithm for three types of CHS with a multi-objective reward function

balancing thermal comfort and energy use or operational costs. The results demonstrate that energy-based reward functions allow

for limited optimisation possibilities, while the GALER scheme yields the highest potential for price-based optimisation across all

considered concepts. It achieved a 3%-15% performance improvement over other successful training schemes. DRL agents trained

with GALER schemes strategically anticipate on high-price times by lowering the supply temperature and vice versa. This research

highlights the advantage of varying both learning rates and discount factors when training DRL agents to operate in complex

multi-objective environments with slow responsiveness.

Keywords: Reinforcement Learning, Thermal Inertia, Control Strategy, Discount Factor, Learning Rate Schedule, Collective

Heating, PPO

1. Introduction

In the European Union, households account for 26.9% of1

the final energy use [1] and 28% of total CO2 emissions [2].2

With 80% of energy use in buildings dedicated to Space Heat-3

ing (SH), Space Cooling (SC) and Domestic Hot Water (DHW),4

improving energy efficiency of thermal energy supply is critical5

for meeting the climate goals set for 2050 [3, 4]. Minor im-6

provements in control strategies could reduce global energy use7

in buildings by up to 30%, highlighting the impact of energy ef-8

ficiency [5]. Consequently, many countries are adopting energy9

efficiency standards.10

Collective Heating Systems (CHS) are essential in this con-11

text, as they can integrate multiple energy vectors to optimise12

overall energy supply [6]. By connecting multiple thermal end-13
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users with shared generation, CHS benefit from consistent ther-14

mal demand and economies of scale, making them ideal for15

incorporating Heat Pumps (HP) [7]. Electrification with HPs16

not only improves energy efficiency compared to gas boilers17

but also supports the transition to renewable-based electricity18

grids, reducing dependence on fossil fuels.19

Despite advances in lowering the distribution temperature in20

CHS for enhanced energy efficiency, further optimisation of21

control strategies remains essential [8, 9]. The challenge lies in22

balancing multiple conflicting objectives, such as minimising23

energy use, reducing costs, and maintaining thermal comfort.24

Moreover, the thermal inertia, which delays the effects of con-25

trol actions, further complicates the optimisation. CHS involve26

complex, non-linear systems with multiple interconnected com-27

ponents and end-users, each with distinct thermal demands and28

temperature needs. Therefore, real-time control strategies that29

anticipate future system requirements and (future) optimisation30

opportunities, while accounting for time delays and conflicting31

objectives, are essential.32

Traditional rule-based control systems, such as ON/OFF and33

proportional-integral-derivative (PID), are limited in their abil-34

ity to optimise multiple objectives and do not employ forward-35

looking decisions. These limitations have led to a growing36

Preprint submitted to Applied Energy January 3, 2025

Jacobs Stef, Ghane Sara, Houben Pieter Jan, Kabbara Zakarya, Huybrechts Thomas, Hellinckx Peter, Verhaert Ivan.- Improving the learning process of deep
reinforcement learning agents operating in collective heating environments
Applied energy - ISSN 1872-9118 - 384(2025), 125420
Full text (Publisher's DOI): https://doi.org/10.1016/J.APENERGY.2025.125420



research trend towards advanced control methodologies [10].37

Model Predictive Control (MPC) and Reinforcement Learning38

(RL) are emerging as key areas for optimising control strategies39

in CHS.40

1.1. Advanced control: MPC vs. RL41

MPC uses a model of the system and disturbance predictions42

to compute the performance of control actions by solving an43

optimisation problem over a finite prediction horizon [11]. At44

each interval, MPC simulates and evaluates the effects of sev-45

eral control actions to minimise a cost function over the defined46

time horizon. This is particularly beneficial for slow-responsive47

systems, as it inherently considers the long-term consequences48

of actions. Key strengths of MPC include its adherence to sys-49

tem constraints and ensuring safety. However, finding the op-50

timal control action requires evaluating all possible scenarios,51

which can be computationally intensive, especially since MPC52

does not learn from past situations. Moreover, its performance53

heavily relies on the accuracy of the simulation model used.54

These challenges could make the design of an MPC controller55

more complex for large-scale, stochastic environments, due to56

the high computational demands and the need for an accurate57

digital twin of the system [12].58

In contrast, model-free RL is a model free machine learn-59

ing approach where an agent learns sequential decision-making60

strategies under uncertainty through interaction with its envi-61

ronment, framed as a Markov Decision Process (MDP) [13].62

An MDP consists of the state space (S ), the set of possi-63

ble actions (A), the probability distribution of state transitions64

(P(st+1|st, at)), and a reward function (rt = R(st, at, st+1)) [13].65

The policy (π) guides action selection based on the current state66

st and can be either deterministic or stochastic. The objective67

of the RL agent is to find a policy (π∗) that maximises a dis-68

counted sum of rewards:
∑∞

t=0 γ
trt, where the discount factor69

(γ) is a value between 0 and 1 that determines the importance70

attached to future rewards. In this way, the RL agent learns71

which actions lead to positive outcomes in which states. By72

doing so, RL relies on value functions to estimate expected73

cumulative reward which are related to the current state, ac-74

tion and discount factor. A model-free approach also ensures75

transferability of learned policies to similar optimisation prob-76

lems [14]. Deep Reinforcement Learning (DRL) extends RL77

by using deep neural networks to approximate value functions78

and policies, enabling it to handle high-dimensional inputs and79

complex environments by generalising policies across similar80

states to reduce learning time [15, 16, 17, 18].81

DRL also benefits from simulator training before deploy-82

ment, which reduces online computation time. Although it83

adapts to complex, non-stationary environments by updating its84

policy πwith new experiences [12, 19], tuning hyperparameters85

such as the learning rate (α) is crucial for effective learning and86

to achieve convergence [16, 15]. The learning rate α controls87

the step sizes taken when updating the weights of neural net-88

works [13]. A high α speeds up learning but may cause insta-89

bility, while a low α ensures precise updates but slows down the90

learning process. Moreover, the thermal inertia of CHS poses91

unique challenges for DRL agents, particularly due to the de-92

layed effects of actions, resulting in complex value functions93

that need to be learned.94

In summary, MPC provides a structured, model-based, and95

safe approach to control optimisation but lacks adaptability due96

to the need for an accurate digital twin of the system during de-97

ployment. Moreover, it cannot learn from past actions requir-98

ing to evaluate all possible scenarios at each interval, making99

it computational intensive. DRL, while flexible and adaptive to100

complex environments, faces challenges when learning in slow-101

responsive systems due to delayed effects of actions [13]. A102

model-based DRL approach has been proposed [20], but this103

also increases the computational requirements and relies on a104

model of the environment during deployment. Therefore, the105

focus lies on model-free DRL algorithms, which only might106

use a simulator model of the environment during training, but107

not during deployment.108

Addressing the challenges of model-free DRL requires care-109

ful tuning of various hyperparameters, such as discount factor γ110

and learning rate α, among others. This paper explores the po-111

tential of DRL to control the central supply temperature (Tsup)112

of CHS by investigating different tuning schemes for γ and α113

during training. Hereinafter, the term ”hyperparameters” refers114

specifically to α and γ.115

1.2. Related works: DRL in thermal systems116

DRL algorithms have been used for load managing, where117

the effects of thermal inertia on the agent’s learning perfor-118

mance are limited. For example, Lissa et al. [21] utilised an119

RL agent to manage SH and DHW systems, optimising photo-120

voltaic self-consumption and achieving energy savings with a121

learning rate α of 0.0001 and a discount factor γ fixed at 0.95.122

Bahrami et al. [22] explored DRL for demand-response in ther-123

mal networks, distributing an agent and merging the learned124

policies from each household. Their approach resulted in simi-125

lar performance as the centralised actor-critic method with a γ126

of 0.9. Pinto et al. [23] employed a centralised Soft-Actor Critic127

(SAC) DRL controller in the CityLearn environment [24] to128

manage thermal storages connected to four commercial build-129

ings with renewable energy sources. The paper aimed to reduce130

energy costs and peak demands by training the algorithm over131

five episodes of 92 days each, with a fixed α of 0.003. The132

authors highlighted that incorporating future price and weather133

predictions into the state space allowed the SAC algorithm to134

quickly converge to a well-performing control policy.135

DRL algorithms have also been used to control actuators in136

thermal systems. For instance, Moriyama et al. [25] demon-137

strated that model-free RL achieved a 22% reduction in energy138

costs compared to a built-in model-based control for data cen-139

ters. The model-based control was a built-in approach available140

in the Building Controls Virtual Test Bed of EnergyPlus [26].141

The used RL algorithm was Trust Region Policy Optimization142

with a fixed γ of 0.99 and learning rate α of 0.001. Heidari et al.143

[14] proposed an RL-based control strategy based on double144

deep Q-learning method for optimal activation of air-source HP145

connected to DHW storage tank. The RL framework was de-146

signed to balance the thermal comfort of end-users, energy ef-147
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ficiency, and hygiene, while learning the stochastic DHW con-148

sumption patterns. The goal was to accelerate training without149

disturbing the occupants. Hence, it is pre-trained offline, with150

a stochastic model of occupant behaviour with fixed a learning151

rate of 0.003 and a 20-week memory buffer to analyse state-152

action interactions. Finally, transfer learning is used for fine-153

tuning the policy with real-world data gathered over 27 weeks.154

This approach realised a 23.8% reduction of energy use, while155

maintaining thermal comfort and hygiene to the occupants, for156

a test period of two weeks. Huang et al. [27] adapted the heat-157

ing curve of a collective SH network in an office building using158

Q-learning, reducing overheating by including future estimates159

into the observation space. The optimal learning rate (0.6) and160

discount factor (0.8) were chosen based on preliminary results.161

They suggest the use of DRL methodologies to further opti-162

mise the performance. Consequently, Chatterjee and Khovalyg163

[28] provided a comprehensive review of RL applications in164

dynamically varying indoor temperatures set points of build-165

ings. They suggest that actor-critic methods may be the better166

choice for controlling temperatures, which was also acknowl-167

edged in the technical literature review of Al Sayed et al. [15].168

In this regard, Ghane et al. [29] investigated a Proximal Policy169

optimization (PPO) agent to reduce energy use in a collective170

space heating network by controlling the central Tsup. They ex-171

plored different weights of the two-objective reward function,172

with the PPO agent consistently outperforming the traditional173

heating curve. Their approach was later extended to a cost-174

efficient PPO agent in [30]. In [31], a PPO algorithm controlled175

indoor temperature set points, lowering thermal system energy176

demand while ensuring thermal comfort across multiple zones,177

with a γ of 0.99 and α = 0.0005 for critic network and 0.00015178

for the actor network. Although fixed γ and α schedules were179

used, the PPO agent outperformed value-based methods such180

as Q-learning and Deep Q-network (DQN).181

Brandi et al. [32] noted a lack of research on the effects of182

hyperparameters settings on the performance of control strate-183

gies in thermal systems. They conducted a sensitivity analysis184

on the discount factor (fixed at 0.9, 0.95 and 0.99) and three dif-185

ferent weighting factors in the reward function between energy186

use and indoor thermal comfort, with a fixed learning rate of187

0.0001. For each combination of hyperparameters, three DQN188

agents were trained separately to control the Tsup in a space189

heating network to evaluate the stability of the learning process.190

Results showed that a higher γ could result in higher rewards191

but also increased instability.192

Despite these advances, training DRL agents for such sys-193

tems remains complex due to the trade-off between exploration194

and exploitation [16]. The agent starts without prior knowledge195

and must explore the state space to identify optimal actions,196

which is especially challenging in stochastic or delayed-reward197

systems. To the best of the authors’ knowledge, the impact of198

variable hyperparameter schemes affecting the exploration and199

exploitation, and thus on the performance of DRL agents in200

thermal systems, has been poorly investigated. Typically, the201

learning rate α is fixed at a value between 0.003 and 0.0001,202

and the discount factor γ is set between 0.8 and 0.99. This un-203

derscores the need to investigate methodologies involving adap-204

tive α and γ throughout the training process of DRL agents in205

slow-responsive systems.206

1.3. Scope and Contributions of the Paper207

This paper investigates the effectiveness of four training ap-208

proaches for DRL agents that control Tsup in different slow-209

responsive CHSs. Specifically, we test these training schemes210

using Proximal Policy Optimization (PPO), a state-of-the-art211

on-policy algorithm, under different reward functions. The212

main contributions of this research are threefold.213

First, the evaluation includes four distinct learning ap-214

proaches based on common DRL hyperparameters, namely the215

discount factor γ and learning rate α. The four approaches216

include I) a fixed γ and fixed α scheme, II) an increasing γ217

with a fixed α, III) a fixed γ with a decreasing α, and IV) the218

new GALER method, which simultaneously increases γ and de-219

creases α during training. Each training scheme consists of five220

training intervals in which γ and α can be adjusted.221

Second, these learning schemes are evaluated across a range222

of system responsiveness, considering three case studies with223

varying levels of thermal inertia, which influences how quickly224

temperature changes occur. We evaluate three case studies: A)225

a collective space heating network, B) a 2-pipe system with de-226

centralised Booster Heat Pumps (BHP), and C) a 2-pipe system227

with decentralised Domestic Hot Water (DHW) storages. In228

these systems, only the central Tsup is controlled by the DRL229

agent, while other actuators are managed by rule-based con-230

trollers. The complexity increases for DRL agents operating in231

systems with high thermal inertia and a large range of potential232

supply temperatures, as it become less responsive to immediate233

temperature adjustments.234

Finally, this study explores two optimisation objectives that235

influence performance. First, an energy-based optimisation fo-236

cusing on minimising energy use while balancing thermal com-237

fort. Second, a price-based optimisation that targets to reduce238

operational costs under hourly variable electricity tariffs, also239

while balancing thermal comfort. By adjusting the weights240

in these weighted-sum reward functions, the priority can be241

shifted between thermal comfort and either energy efficiency242

or cost reduction. In these multi-objective optimisations, nei-243

ther thermal comfort, energy use nor operational costs are con-244

sidered as strict boundary condition during balancing. Instead245

of terminating the training when thresholds are violated, ex-246

tremely low rewards were applied.247

This research helps to streamline the hyperparameter tuning248

process for DRL agent training in slow-responsive networks.249

We anticipate that the GALER approach (learning scheme IV)250

will particularly benefit DRL agents with price-based optimi-251

sation objectives, as an optimal understanding of time-related252

effects is more crucial in this context.253

2. Material and methods254

This Section elaborates on the characteristics of the selected255

Deep Reinforcement Learning (DRL) algorithm, i.e. Proximal256

Policy Optimization (PPO), and the impact of learning rate α257
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and discount factor γ on the learning process. Afterwards, Sec-258

tion 2.3 presents the four investigated learning schemes, fol-259

lowed by Section 2.4 that provides an overview of the exper-260

iments to evaluate the efficacy and applicability of the pro-261

posed learning schemes. The experiments consist of training262

a DRL agent for three different collective thermal network con-263

cepts with different Markov Decision Process (MDP) formula-264

tions and optimisation objectives. Finally, Section 2.5 describes265

the simulation-based evaluation framework, including the used266

data sources, simulator models representing the collective heat-267

ing systems, and the evaluation metrics.268

2.1. Deep Reinforcement Learning (DRL)269

Deep Reinforcement Learning (DRL) extends traditional Re-270

inforcement Learning (RL) by leveraging neural networks to271

approximate value functions and policies. To provide a founda-272

tional understanding, this Section begins by illustrating the core273

principles of RL, building further on Section 1.1.274

Every policy π that maps states to actions is one of the solu-275

tions of an MDP. Through trial and error, the RL agent aims to276

discover the policy π∗ that maximises cumulative discounted re-277

wards, guided by a reward signal rt = R(st, at, st+1), which spec-278

ifies the reward received after transitioning from st to state st+1279

via action at. The current policy from a given state is denoted280

as π(s), and the expected cumulative rewards under π(s) are281

captured by the state-value function (Vπ(s)) and action-value282

function (Q(s, π(s))). To balance immediate and long-term re-283

wards, which could encourage exploration of the environment,284

a discount factor γ (value between 0 and 1) is used in Vπ(s) and285

Q(s, π(s)) [33], as shown in Equation 1.286

Vπ(s) = E
[ ∞∑

t=0

γtR(st, at, st+1)|π, s0 = s
]

Q(s, π(s)) = E
[ ∞∑

t=0

γtR(st, at, st+1)|s0 = s, a0 = a
] (1)

where t is a given control time step and E stands for the ex-287

pected cumulative value, representing the mean value over all288

possible outcomes, weighted by their probabilities.289

The state-value function Vπ(s) can be expressed in terms of290

the action-value function Q(s, π(s)), where the action a = π(s)291

is the best possible action of π(s), as shown in Equation2.292

Vπ(s) = maxaQ(s, π(s)) (2)

The goal of the RL agent is to identify the policy π∗ that293

maximises these value functions:294

π∗(s0) = argmaxπV
π(s0) = argmaxaQ(s, π(s)) (3)

RL can be categorised into three main types based on their295

approach to identify π∗: value-based, policy-based and actor-296

critic methods. Value-based methods aim to optimise value297

functions to find π∗, whereas policy-based methods directly op-298

timise π to maximise expected rewards. Actor-critic methods299

combine both approaches: the actor updates the policy directly,300

while the critic estimates the value function to evaluate the ac-301

tion taken by the actor.302

In DRL, the state-value function Vπ(s), action-value func-303

tion Q(s, π(s)) and the policy are approximated by neural net-304

works Vψ, Qϕ and πθ, where ψ, ϕ, and θ are vectors contain-305

ing the parameters that characterise the neural networks. The306

policy neural network produces action probabilities (stochastic307

policy) or a specific action (deterministic policy) based on the308

state s, while the value neural network approximates cumulative309

rewards based on state or state-action pairs. These approxima-310

tions eliminate the need for explicit value computation due to311

generalising capabilities of learned patterns [16].312

The loss function (L) quantifies the difference between the313

predicted value or action distributions and the target values de-314

rived from the environment’s feedback. By minimising this loss315

function, DRL algorithms adjust parameter vectors for more ac-316

curate value predictions and better policies over time.317

The calculation of L depends on the DRL algorithm used,318

which can be either on-policy or off-policy based on the data319

sampling method [13]. Off-policy methods learn from actions320

that are outside the current policy, allowing to use the data321

from older or different policies, while on-policy methods learn322

from actions taken strictly according to the current policy, fol-323

lowed by iterative evaluation and enhancement of that policy.324

This study focuses on a state-of-the-art actor-critic algorithm,325

namely PPO, an on-policy algorithm that balances exploration326

and exploitation while optimising the policy.327

2.2. Proximal Policy Optimization (PPO) Algorithm328

PPO is a policy gradient method which aims to achieve a329

balance between sampling complexity, ease of tuning hyper-330

parameters and implementation. This is done by computing a331

new policy that maximises the reward while preventing large332

policy updates and ensure stable policy improvements, using333

mini-batch stochastic gradient descent (SGD) on the calculated334

loss function. The gradient of this loss function is typically335

estimated using the Advantage Function Aπ
t , which represents336

the relative value of taking action at over the average action of337

the current policy in a given state st. Typically, Aπ(st, at) equals338

Q(st, π(st))−V(st), but to reduce the variance of policy gradient339

updates, PPO can leverage Generalized Advantage Estimation340

(GAE) which combines immediate rewards and estimated fu-341

ture rewards [34].342

Two variants are available to calculate the loss function L343

of PPO used to train the policy πθ while ensuring that up-344

dates do not deviate excessively from the previous policy πθold
,345

namely Adaptive Kullback-Leibler (KL) Divergence Penalty346

and Clipped Surrogate Objective, which can also be com-347

bined [35].348

On the one hand, clipping in PPO restricts how much the349

new πθ can deviate from the old one, πθold
, by bounding their350

probability ratio (prt(θ)) within a specified range of [1−ϵ, 1+ϵ].351

This is done by modifying the loss function L through taking352

the minimum of the unbounded and clipped ratios. The L is353

calculated as in Equation 4.354
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LCLIP
t (θ) = E

[
min
(
prt(θ)A

π
t , clip(prt(θ), 1 − ϵ, 1 + ϵ)Aπ

t

)]
(4)

where Aπ
t is the advantage function according to GAE [34],355

used to estimate the relative value of taking action at over the356

average action of the policy in a given state st; the rest is as357

before.358

In practice, PPO can use a combined loss function that incor-359

porates both the clipped surrogate objective and the KL diver-360

gence penalty. The KL divergence approach penalises large dif-361

ferences between the old and new policy distributions by adding362

a penalty term to the loss function [36]. Equation 5 shows the363

combination of clipping with KL divergence and the loss func-364

tion for the value neural network:365

LPPO
t (θ) = E

[
LCLIP

t (θ)

− cKLKL
[
πθold

, πθ
]

+ centS[πθ](st)

− cVFLVF
t (θ)

]
(5)

where LCLIP
t (θ) the clipping as in Equation 4; KL

[
πθold

, πθ
]

366

is the KL divergence between the old and new policy distribu-367

tions; cKL is a coefficient that scales the KL divergence penalty;368

S[πθ](st) is the entropy of the policy to encourage exploration;369

LVF
t (θ) is the value function loss; and cVF and cent are coeffi-370

cients for the value function loss and entropy term, respectively.371

In summary, the PPO loss function L aims to optimise the372

policy by balancing reward maximisation with constraints on373

the extent of policy changes, using clipping or KL divergence to374

ensure stability and reliable learning. When these methods are375

combined, the policy updates are more controlled as clipping376

directly limit update magnitude and KL divergence ensures up-377

dates do not significantly alter the policy distribution.378

2.3. Investigated learning schemes379

As discussed before, the discount factor γ and learning rate380

α are two important hyperparameters that influence the con-381

vergence and success of the DRL agent to learn the policy π∗.382

The learning rate α dictates the magnitude of updates to model383

weights during back-propagation, controlling the specific up-384

dates to parameter vectors based on L. This is mathematically385

represented by Equation 6, where the weights of parameter vec-386

tor θ are adjusted:387

θ = θold − απ · ∇θ · Lt(θ) (6)

The discount factor γ, on the other hand, determines the388

agent’s priority to long-term rewards versus short-term rewards,389

as was shown in Equation 1.390

This research explores four distinct learning schemes that391

manipulate these two hyperparameters in different ways to ad-392

dress the challenges posed by thermal inertia in collective heat-393

ing systems. Each learning scheme is equally computation-394

ally expensive to train a DRL agent because the same data395

sets, training periods and simulator models are used (see Sec-396

tion 2.5).397

I) Fixed hyperparameter scheme: In this scheme, hyper-398

parameter tuning is employed during preliminary analyses399

to determine the best values of α (0.00005) and γ (0.99),400

which are kept constant throughout the five intervals of401

the training process. The hypertuning was done within402

the identified range of commonly used values for both the403

hyperparameters in Section 1.2. This approach serves as a404

baseline and is used in most of the DRL-related research.405

It provides a reference point for evaluating the effective-406

ness of the following adaptive schemes.407

II) Learning rate scheme: This approach is used in some408

DRL training processes. Here, the γ is fixed at its best409

value from the hyperparameter tuning (0.99), while the410

α is reduced at the start of each training interval. The α411

decreases logarithmically from 0.001 to 0.00001 over the412

five training intervals: 0.001, 0.0005, 0.0001, 0.00005,413

0.00001. The step size can be adapted based on the num-414

ber of training intervals. This gradual reduction helps the415

agent to start with more significant updates at the start of416

learning and to fine-tune the policy as it approaches con-417

vergence.418

III) Discount factor scheme: In this scheme, the α is fixed at419

its best value from the hyperparameter tuning (0.00005),420

while γ increases at the start of each training interval. In421

this research, γ increases from 0.8 to 0.99 over the five422

training intervals: 0.8, 0.85, 0.9, 0.95, 0.99. This allows423

the agent to first focus on short-term rewards and gradu-424

ally shift its focus to long-term strategies as it becomes425

more familiar with the environment. The fixed learning426

rate ensures stable updates to the policy function.427

IV) GALER scheme: This hybrid scheme combines el-428

ements of both the learning rate and discount factor429

schemes. Initially, the agent uses a small γ (0.8) to learn430

short-term dynamics and a large α (0.001). As train-431

ing progresses, γ increases to 0.99, while α decreases to432

0.00001.433

With the GALER scheme, we propose a new learning434

approach, potentially effective in complex environments435

with delayed feedback. Early training emphasises short-436

term rewards by using a larger learning rate and smaller437

discount factor, which enables efficient exploration and438

quickly identifies basic patterns, such as the trade-off be-439

tween temperatures and operational cost. As the training440

progresses, the learning rate is reduced while the discount441

factor is increased, slowing down the policy updates to442

be more attentive to long-term rewards. The agent will,443

therefore, make finer improvements in strategies and learn444

advanced system dynamics, such as thermal inertia or op-445

timal recharging of decentralised DHW storage systems.446

This helps avoid overfitting to immediate rewards in com-447

plex environments.448

Figure 1 visualises the main principles in PPO (see also Sec-449

tion 2.2) and how the α and γ influence the learning procedure450

(shown in red in the figure). The α affects the minibatch updates451

of both π and V(s), while the γ influences values in V(s) and in452

GAE. Although the learning rate for π and V(s) can be differ-453
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ent, in this research they are the same in the proposed learning454

schemes.455

2.4. Overview of experiments on RL configurations456

In this study, the DRL agent aims to optimise the control457

of supply temperature (Tsup) in a CHS during the heating sea-458

son. Each of the five training intervals in the training period459

lasts three months (from November 1 to January 31), which460

corresponds to the main part of the heating season. This period461

provides a rich set of data on system behaviour and thermal dy-462

namics, essential for effective training. At the beginning of each463

training interval, hyperparameters are adjusted according to the464

specific learning scheme being investigated. After training, the465

agent’s performance is evaluated in February, a month that is466

not included in the training data.467

For all experiments, five rollout workers interact with the en-468

vironment in parallel, gathering experience during training. Af-469

ter each training episode, which is set at 7 days, the policy (ac-470

tor network) and value function (critic network) are updated us-471

ing mini-batch gradient updates from the trajectory data (state-472

action-reward sequences) collected by all five workers. Once473

the neural networks are updated, the workers continue interact-474

ing with the environment using the updated policy, gathering475

more data based on the current policy (as PPO is an on-policy476

method). In this way, the policy is continuously refined, with477

each worker exploring different actions to collect diverse expe-478

riences for future updates.479

To evaluate the efficacy of the different learning schemes, a480

comprehensive set of experiments is designed. These exper-481

iments include two optimisation objectives (energy-based and482

price-based), and three distinct CHSs within newly constructed483

apartment buildings comprising 24 dwellings (nbuild = 24). The484

performance differences are expected to be larger for the price-485

based optimisation, since an additional time-aspect is added due486

to the variable tariff structure for electricity. Table 1 gives an487

overview of these variations.488

2.4.1. Considered collective heating systems489

Each CHS can be represented by the general energy balance490

equation given in Equation 7:491

Csys

dT (t)

dt
= Q̇in(t) − Q̇out(t) (7)

where Csys is the system’s total thermal inertia [kJ/K], dT (t)492

is the temperature difference in ◦C over time interval dt (sec-493

onds), Q̇in(t) is the incoming thermal power [kW], and Q̇out(t)494

the outgoing thermal power [kW] at time t.495

As shown in Equation 7, there is a relationship between496

the system’s thermal inertia, Csys, temperature changes, time,497

and thermal power. For the DRL agent controlling the central498

Tsup over a certain time interval with a given thermal power,499

the complexity increases when the range of possible Tsup set500

points increases widens and/or as Csys increases. Therefore, the501

four different learning schemes are evaluated by training DRL502

agents on three different collective heating systems (concept A,503

B, and C), each with progressively increasing thermal inertia.504

This increase is determined by various components within the505

CHS, such as heat emitters, production units, distribution pipes,506

and storage tanks. Concept C represents the most complex sys-507

tem, where a wide range of Tsup set points are available, and the508

agent is responsible for managing both indoor thermal comfort509

and DHW comfort.510

In all concepts, newly constructed apartment buildings with511

24 dwellings are considered, all equipped with underfloor heat-512

ing systems with design temperatures of 35◦C/30◦C. Each un-513

derfloor heating system has a passive mixing valve, capping the514

inlet temperature at 35◦C if the central Tsup exceeds this value.515

The primary heat source is a geothermal heat pump (GHP) con-516

nected to a thermal energy storage unit with two temperature517

sensors. These sensors are set to the minimum of the current518

Tsup set point and 45◦C. The geothermal source is a borehole519

thermal energy system. In concept C, a gas boiler is added in520

series with the GHP to achieve higher temperatures (up to 65◦C)521

required for DHW production. This series configuration is pre-522

ferred when using a GHP as the primary heat generator [37].523

Figure 2 gives a schematically representation of the three524

considered CHSs, labeled as concept A, B and C. In this fig-525

ure, the thermal inertia is symbolised by electrical analogy. It526

also shows where the DRL agent controls the Tsup and that this527

action affects the operation of the central storage tank, central528

GHP and potential central gas boiler, as they follow the current529

Tsup set point. A detailed description on the three schemes is as530

follows:531

A) Collective space heating system: In this concept, all 24532

dwellings are connected via a 2-pipe system to a central533

GHP that serves only the SH demand [29]. This system534

has the lowest overall thermal inertia because DHW is pro-535

duced separately within each dwelling. As a result, the536

DRL agent’s control action only affects SH comfort, energy537

use and operational costs. The thermal inertia to be con-538

sidered by the DRL agent includes the distribution pipes,539

the emitters in each dwelling, GHP and central thermal en-540

ergy storage. Additionally, the range of Tsup is limited to541

45◦C due to the low-temperature underfloor heating sys-542

tems, further reducing the impact of thermal inertia on the543

DRL agent’s performance compared to systems with larger544

temperature changes.545

B) 2-pipe system with decentralised booster heat pumps546

(BHP) for DHW: This system increases the overall ther-547

mal inertia because the central GHP now serves as the heat548

source for both SH and for decentralised BHPs that produce549

DHW locally in each dwelling [38, 39]. While the DRL550

agent still fully controls SH, its influence on DHW is in-551

direct, as the BHPs are activated by rule-based controllers.552

However, the distribution temperature managed by the DRL553

agent directly affect the Coefficient of Performance (COP)554

of the BHPs and GHP. A higher Tsup improves the COP555

of BHPs, but reduces the central GHP its COP. The Tsup556

range is constrained by the maximum allowed BHP source557

temperature, limiting the control possibilities for the DRL558

agent.559

C) 2-pipe system with decentralised DHW storages: This560

concept presents the highest thermal inertia due to the con-561
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Figure 1: Schematic presentation of the principles of actor-critic PPO and how the α and γ affect the learning of the DRL agent.

Table 1: Overview of experiments. The four learning schemes (I, II, III, and IV) are tested in three environments, where concept A has the lowest thermal inertia
impact and concept C the highest. Finally, the objective function is adapted, where the DRL agent should always take account of thermal comfort, but in the first
experiments, the energy use should be as low as possible, afterwards, the focus lies on minimising operation costs.

# Analysed variants

Learning

scheme
(4):

I:

fixed

II:

adaptive α

III:

adaptive γ

IV:

GALER

CHS (3): A: Coll. SH B: 2-pipe BHP
C: 2-pipe

storage

Objective (2): Energy-based Price-based
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Figure 2: Schematic overview of the three CHSs showing the thermal inertia affecting the DRL agent (represented as capacitance’s by electrical analogy). (A)

collective space heating system, lowest thermal inertia with the lowest thermal inertia; (B) 2-pipe system with decentralised booster heat pumps; and (C) 2-pipe
system with decentralised DHW storage tanks, with the highest thermal inertia. The DRL agent controls the Tsup in all concepts. The central GHP, storage and gas
boiler (in concept C) follow the DRL agent’s imposed set point.
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nection of decentralised DHW storage tank and an under-562

floor heating system for SH in each dwelling to the 2-pipe563

distribution system [40]. The central DRL agent controls564

both SH and DHW comfort, as well as energy use and costs.565

Managing DHW introduces additional challenge because566

the agent must decide when to increase Tsup above 55 ◦C567

to charge the DHW storage tanks. This is particularly chal-568

lenging given the infrequent nature of DHW consumption569

(only 3% of the day [41, 42]) and the extended charging570

times of the storage tanks. The system also incorporates a571

gas boiler in series with the GHP to provide the higher tem-572

peratures required for DHW. The range of Tsup is extended573

to 65 ◦C, increasing the impact of thermal inertia on the574

DRL agent’s decision-making process.575

2.4.2. MDP formulations576

To formalise the DRL agent’s decision-making problem, the577

problem is framed as an MDP, capturing the environment’s dy-578

namics. This Section is an outline of how the MDP compo-579

nents are structured for energy-based and price-based optimisa-580

tion scenarios.581

Parameters in state space: The state space design provides582

the DRL agent with essential information for effective decision-583

making. The core states st[1−6] are included in all experiments,584

while additional states (st[B1], st[C1], and st[C2]) are specific585

to certain system concepts. The state space is further tailored586

based on the optimisation objective: energy-based (st[E1]) or587

price-based (st[P1], st[P2]).588

1. General observations for all experiments:589

• st[1]: Outdoor temperature [◦C]590

• st[2]: Average indoor operative temperature error591

[◦C]592

• st[3]: Tsup at central production [◦C]593

• st[4]: Tsup at top of distribution pipe [◦C]594

• st[5]: Time of the day [h]595

• st[6]: Central mass flow rate [kg/s]596

2. Concept-specific observations:597

• Concept B: st[B1], number of working BHPs598

• Concept C: st[C1], number of cold DHW storages599

according to upper sensor; st[C2], number of cold600

DHW storages according to bottom sensor601

3. Optimisation-specific observations:602

• Energy-based: st[E1], total primary energy use603

[kWh]604

• Price-based: st[P1], hourly electricity price of the605

next 12 hours [e/MWh]; st[P2], hourly gas price of606

the next 12 hours [e/MWh], only for concept C.607

Including st[3] and st[4] helps the agent understand distribu-608

tion delays and system response time, while st[1] and st[2] pro-609

vide insight necessary to maintain indoor thermal comfort. The610

inclusion of states st[B1], st[C1], and st[C2] allows the agent611

to account for DHW comfort and the additional system thermal612

inertia in concepts B and C. Concept A requires no additional613

state, since the states for SH are general.614

State st[5], representing the time of day, enhances the agent’s615

ability to anticipate typical demand patterns and plan its actions616

accordingly. State st[6] indicates periods of high or low de-617

mand, helping to manage system load efficiently. In energy-618

based optimisation, st[E1] is essential for minimising primary619

energy use. Similarly, for price-based optimisation, including620

electricity price data for the next 12 hours (st[P1]) and, if ap-621

plicable, the gas price data (st[P2]) enables the agent to reduce622

operational costs.623

Action spaces: The discrete action space of the DRL agent624

is defined by the set points for Tsup, while other actuators are625

managed by rule-based controllers. The action time interval of626

the DRL agent (∆taction) to select a specific temperature value is627

set at 10 minutes. The actions are constrained to ensure Tsup re-628

mains within safe limits, preventing any disruption to the func-629

tioning of the system.630

In concept A, the action space includes 20◦C, 25◦C, 30◦C,631

35◦C, 40◦C, and 45◦C, a typical range of Tsup for underfloor632

heating systems. For concept B, the 45◦C option is excluded633

from this set of temperatures to avoid exceeding the maximum634

inlet temperature of the decentralised BHPs (42◦C). In concept635

C, a 65◦C option is added to concept A’s action space to facili-636

tate recharging the decentralised DHW storage tanks.637

Reward function: The reward function (Equation 8) is a638

weighted sum that balances four key objectives, each nor-639

malised between 0 and 1: minimising the OPEX, reducing Pri-640

mary Energy (PE) use, lowering indoor thermal discomfort,641

and ensuring DHW comfort. These metrics are evaluated over642

the last 10 minutes, corresponding to the agent’s action interval,643

∆taction.644

rt = f1 ·
OPEXt − OPEXt,max

OPEXt,min − OPEXt,max

+ f2 ·
PEt,max − PEt

PEt,max

+ f3 ·
1

1 + ec1(Ŝ Ht−c2)

+ f4 ·
1

1 + ec3(D̂HW t−c4)

(8)

The OPEX term, OPEXt, reflects the energy costs incurred645

from electricity and gas usage accounting the variable tariff646

structures. The values OPEXt,max and OPEXt,min represent the647

theoretical maximum and minimum costs over the same period,648

based on the highest or lowest possible energy use of the sys-649

tem’s production units. Note that these minimum and maxi-650

mum values can be negative in case of negative tariffs. Simi-651

larly, PEt and PEt,max are computed using primary energy con-652

version factors: factor 1 for gas and 2.5 for electricity, accord-653

ing to the Belgian energy market. For energy-based optimisa-654

tion, f1 = 0, and in case of price-based optimisation, f2 = 0.655

For comfort-related terms, a Sigmoid function is employed.656

The indoor thermal comfort, Ŝ Ht, is expressed through the av-657

erage Room Temperature Lack (RTL) across all dwellings, see658

Equation 12 for more details. This RTL is here normalised to659
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a scale where the minimum and maximum RTL values corre-660

spond to 0 and 0.5 · nbuild · ∆taction

3600s/h
, respectively. The parameters661

c1 and c2 are 0.1 and 50, respectively.662

The DHW comfort term, D̂HW t, varies depending on system663

concept:664

• Concept A: This term is omitted ( f4 = 0) because DHW is665

not supplied by the CHS, but is produced separately.666

• Concept B: D̂HW t is the average time DHW temperature667

falls below 40◦C during consumption (as defined by the668

tDHW; dc KPI of Section 2.5.3). Parameters c3 and c4 are set669

to 1.5 and 5, respectively. If no DHW is consumed across670

all dwellings in the past 10 minutes, this term defaults to671

1; otherwise, its value is adjusted based on the DHW use672

simultaneity factor S (Equation 9)[43].673

• Concept C: D̂HW t correlates with the state st[C2], rep-674

resenting the percentage of DHW storage tanks requiring675

recharging. If no recharging is necessary and the agent676

sets Tsup to 65◦C, this term is 0. If Tsup is lower, then677

C3 = −0.1 and C4 = 30%. Conversely, if recharging is678

necessary and the agent sets Tsup to 65◦C, C3 = 0.1 and679

C4 = 40%. If Tsup is lower, this term is 0.680

S =
1

√
nbuild − 1

+ 0.17 (9)

Since each term is normalised between 0 and 1, the sum of681

the weights f1, f2, f3, f4 should equal 1 to maintain a balanced682

trade-off between the different objectives in the reward func-683

tion.684

2.5. Simulation-based evaluation framework685

The evaluation framework employed in this study is adapted686

from previous research [39] to systematically compare the per-687

formance of different control strategies. The framework is688

comprehensive, encompassing boundary conditions, simulation689

models, and key performance indicators (KPIs) that collectively690

provide a robust basis for assessing the efficacy of the DRL691

agents in high-thermal inertia environments.692

2.5.1. Boundary conditions of case study693

Weather profile: The weather files contain outdoor tem-694

perature measurements [◦C], and solar radiation measurements695

[W/m²] for each cardinal direction (North, East, South and696

West) to account for the spatial variability of solar gains on697

the building envelope. To ensure temporal consistency with698

the simulation time step, linear interpolation is applied when699

the resolution of weather data does not align with the simula-700

tion’s 10-second time step. For training, an average weather701

profile representing Belgian climate conditions from 2001 to702

2020 was used [44]. For testing was conducted using specific703

weather data from the year 2009 in Uccle, Belgium [45]. In704

these weather files, November until January were used for train-705

ing, while February is used for testing. This approach ensures706

that the DRL agents are evaluated under different circumstances707

than their training data.708

Energy tariff structures: The energy tariffs used in the sim-709

ulations are essential for evaluating the cost-effectiveness of the710

control strategies. For electricity, the day-ahead market prices711

from 2022 in Belgium were utilised, reflecting real-time hourly712

variability in energy costs. Since these prices are published713

the day before, these can be used by DRL agents to optimise714

their planning. Gas prices were modeled using the TTF103715

price signal of 2022, ensuring that the economic performance of716

the DRL agents is assessed against current market conditions.717

These tariffs are expressed in e/kWh and are applied uniformly718

across all simulations.719

Building characteristics: The simulated apartment building720

is a modular assembly comprising 24 dwellings with 12 dis-721

tinct configurations. Each dwelling is characterised by its ther-722

mal properties, including transmission losses, ventilation rates,723

and solar gains. The building’s envelope is designed with a724

U-value of 0.24 W/m²K for walls and HR++ windows with a725

U-value of 1.1 W/m²K and a g-factor of 0.6 [46]. These param-726

eters are aligned with current Flemish building regulations for727

new constructions. The floor areas of the dwellings range from728

88 to 104 m², with window areas constituting 21% of the floor729

area, oriented towards different cardinal directions to account730

for varying solar exposure. Ventilation is provided by a type D731

mechanical balanced system with 80% heat recuperation effi-732

ciency, bypassed when the outdoor temperature exceeds 16◦C.733

These specifications result in design heat loads ranging from734

1.5 to 2.4 kW for an indoor temperature set point of 21◦C and735

outdoor temperature of -8◦C.736

Occupant profiles: Occupant behaviour is modeled using737

the stochastic profile generator developed in the TETRA-SWW738

and Instal2020 projects [47, 48]. These profiles include internal739

heat gains [W], occupancy presence, DHW consumption [kg/s]740

at 60◦C, and indoor temperature set point schedules. The pro-741

files in a specific building are linked to each other, ensuring742

realistic and consistent simulation of occupant-driven energy743

use.744

This generator allows to choose for each dwelling between745

nine different family types, ranging from 1 to 4 inhabitants, and746

the number and type of tapping points [49]. These nine family747

types result from a survey held on 700 dwelling in Belgium dur-748

ing the Instal2020 project. The 24 families living in the apart-749

ment building of this research are a mix of these nine family750

types.751

2.5.2. Simulator models752

The dynamic simulation environment, implemented in753

Python, is designed to replicate the thermal dynamics of CHSs.754

The models in the simulator are grounded in previous work Van755

Riet [37], Jacobs et al. [40, 39] and capture the transient ther-756

mal behaviour of system components using first-order, linear,757

ordinary, and non-homogeneous differential equations, as was758

also done in [50, 51]. The general form of these equations is759

expressed as:760

dy(t)

dt
= −a(t)y(t) + b(t) (10)

where y(t) represents the integrand, t is time, and a(t) and b(t)761

are constants within each time step (∆t). The explicit solution762
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of these equations, based on a zero-order hold, ensures accurate763

effects of time delays on domestic hot water (DHW) and indoor764

thermal comfort.765

Each dwelling is modeled as a thermal zone with three tem-766

perature nodes: emitter surface temperature, indoor air temper-767

ature and indoor wall surface temperature. These nodes are768

interconnected through thermal capacities and resistances, ac-769

counting for heat exchanges via transmission losses, ventila-770

tion, internal heat gains and solar gains. The model’s granular-771

ity is enhanced by dividing emitters into nine segments, follow-772

ing the methodology outlined in [40, 37].773

The stratified storage tank model, adapted from TRNSYS774

Type 60 [52] and described in [37, 40], simulates heat trans-775

port and stratification using partial differential equation in tem-776

perature and along the height [53]. It assumes a number of777

homogeneous volume layers with a uniform temperature. The778

captured thermodynamics include conduction, advection, heat779

losses, and heat gains from a potential internal coil heat ex-780

changer. A temperature-inverse algorithm was added to account781

for temperature-dependent water density.782

In case of a thermal energy storage containing technical wa-783

ter, water flows through the top or bottom of the storage tank784

to represent charging and discharging, respectively. In case of785

DHW storages, cold domestic water of 10◦C enters the tank at786

the bottom during a DHW demand and the DHW extraction at787

the top. The sizing of the internal coil heat exchanger in DHW788

storage tanks was fitted to laboratory measurements and manu-789

facturer specifications [43].790

The heat production dynamics are governed by the following791

equation (11):792

Cprd

dTout

dt
= Q̇prd −UAprd · (Tout −Tamb)− ṁprd · cp · (Tout −Tin)

(11)

where Cprd is the thermal capacity [J/K] at temperature Tout793

[◦C], Q̇prd is the source heat [W], UAprd is the heat transfer794

coefficient [W/K] to the surroundings (Tamb set at 20 ◦C), cp is795

the distribution medium’s specific heat capacity equal to 4187796

J/kgK for water-based systems, and ṁprd is the mass flow rate797

through the production unit [kg/s], entering at temperature Tin798

[◦C].799

The Q̇prd of different production units are fetched using non-800

linear regression fits based on manufacturer data for various801

temperatures. The GHP and gas boiler are as in [37], and the802

data for the BHP models is based on Alpha Innotec WWB21 of803

Nathan Systems, with separate lumped capacities for the con-804

denser and evaporator [39].805

The pump operations are simplified by assuming mass flow806

availability within the nominal value and 10% of this value.807

Time delays of control valves are modeled with a time constant808

of 32 seconds [37] and the mixing rule is applied for three-809

way valves and mixing points. The time delay in the pipes and810

distribution losses are captured using the plug-flow model and811

RC-model, respectively [54].812

2.5.3. Key Performance Indicators813

The evaluation framework employs four primary Key Per-814

formance Indicators (KPIs) to assess the performance of DRL815

agents trained with varying hyperparameter schemes. These816

KPIs are chosen to balance between occupant comfort, energy817

efficiency, and economic cost.818

Thermal comfort-related KPIs:819

1. The average Room Temperature Lack (RT L) [Kh/day]:820

This metric, defined in [37], quantifies the indoor thermal821

discomfort in dwellings by measuring the deviation of the822

operative indoor temperature (Top) from the set point tem-823

perature (Top; S P). The operative temperature represents824

the perceived temperature by inhabitants due to convec-825

tion and radiation. The KPI calculation is as follows:826

RT L =
1

nbuild

nbuild∑

n=1

[∫ t2

t1

(Top; S P(n) − (Top(n) + etol))+dt

]

(12)

where etol is the comfort tolerance, nbuild is the number of827

dwellings, i.e. 24.828

2. The relative duration of lacking DHW temperature829

(tDHW; dc) [%]: This KPI measures the percentage of DHW830

consumption time during which the temperature is below831

40◦C, indicating user discomfort. The lower the percent-832

age, the better the performance of the system in maintain-833

ing user comfort. In case of concept A, this KPI is not834

calculated.835

Energy-related KPI:836

3. Primary Energy use (PE) [kWh]: This KPI calculates the837

total primary energy consumed by the system, including838

electricity and fossil fuels. For electricity, a conversion839

factor of 2.5 is applied to account for the Belgian grid.840

This KPI is directly targeted by DRL agents in the energy-841

based optimisation.842

Economic KPI:843

4. Operational Expenses (OPEX) [e]: OPEX represents the844

total cost associated with energy consumption, calculated845

based on the tariff structures for electricity and gas defined846

in Section 2.5.1. This KPI is directly targeted by DRL847

agents in the price-based optimisation.848

To determine the most effective DRL agent across multiple849

system KPIs, a holistic scoring method, adapted from [39],850

is used. This score integrates the KPIs, allowing for a bal-851

anced comparison of thermal comfort, energy use, and cost-852

effectiveness, by dividing each KPI of a specific DRL agent by853

its respective median value (denoted as µ) for normalised and854

dimensionless KPIs. The advantage of using the median in the855

normalisation method is that it preserves the relative differences856

in performance between distinct concepts.857

Based on this normalisation methodology, the weighted sum858

of the KPIs equals the KPI∗, as shown in Equation 13 for DRL859

agent Z.860
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KPI∗(Z) = −
(

f1 ·
OPEX(Z)

µOPEX

+

f2 ·
PE(Z)

µPE

+

f3 ·
RT L(Z)

µRT L

+

f4 ·
tDHW; dc(Z)

µtDHW; dc

)

(13)

where the weights f1, f2, f3, and f4 for DRL agent Z are the861

same as in the reward function of experiment Z (Equation 8).862

Finally, the Volume Weighted Average Supply Temperature863

(VWAST) [◦C] is used to give insight on effects of actions of864

DRL agents. This KPI is calculated according to Equation 14865

showing the general tendency of the control actions.866

VWAS T =

∑nsim

i=1
Tsup;i · ṁi∑nsim

i=1
ṁi

(14)

where Tsup;i and ṁi are the central supply temperature set point867

and flow rate through the 2-pipe distribution system at time step868

i, respectively, and nsim the total number of time steps in the869

testing period (= 259200).870

3. Results and discussion871

3.1. Energy-based optimisation872

The energy-based optimisation results, as presented in Ta-873

ble 2, offer an initial assessment of how the DRL agents, trained874

with different learning schemes, perform when controlling Tsup875

without considering OPEX ( f1 = 0). High discomfort val-876

ues (≥ 6 Kh/day for RTL and ≥ 10% for tDHW; dc) are given877

in red, while the overall performance (KPI∗) is colour-coded878

within each concept, with green the best performance and red879

the worst. For each concept, the weighting factors of the reward880

function (see Equation 8), which are also used for the KPI∗ cal-881

culations, are provided in the respective grey rows. DRL agents882

trained for Concept A employ weights derived from previous883

research [29], while the weights for agents in concept B and884

C were optimised during preliminary tests to achieve the best885

performance of the DRL agent.886

Since the DRL agents do not learn about variable prices, the887

optimisation possibilities are limited to adjusting temperature888

set points to improve thermal comfort at the lowest possible889

primary energy use. The results reveal that learning schemes890

II and III occasionally struggle to achieve this balance, as evi-891

denced by higher thermal discomfort and low VWAST values.892

In contrast, scheme I and scheme IV do not always lead to the893

best performance, but are more consistent across different con-894

cepts.895

Focusing on concept A, learning schemes II and IV exhibit896

the best KPI∗ values of -0.72 and -0.75, respectively. Scheme897

III, however, fails to optimise properly, with an excessively high898

RTL of 19.25 Kh/day and a poor KPI∗ of -6.74. There is a899

clear relation between higher VWAST and better-balanced ob-900

jectives, though this comes at the cost of increased PE use.901

Concept B requires the DRL agent to balance PE, RTL, and902

tDHW; dc, with most focus on PE ( f2 = 0.6). Here, weighting903

factor f4 is 0.1, since DHW comfort is mostly affected by the904

decentralised rule-based activation strategy of the BHP in each905

dwelling rather than the central DRL agent controlling the Tsup.906

Except for scheme II, all schemes perform similarly, with a907

narrow range of KPI∗ values from -0.96 to -1.04, indicating908

the agent’s consistent ability to balance the three objectives.909

However, the overall potential for optimisation is rather lim-910

ited when not controlling the decentralised BHPs. Although,911

the GALER training scheme led to worse overall performance912

than schemes I and III, it still provided adequate RT L values913

at lower PE use. This indicates it was able to understand the914

environment dynamics.915

In concept C, DHW comfort is emphasised by f4 = 0.4, since916

this involves long-term thinking for the agent to foresee suffi-917

cient heat in the decentralised DHW storages. On the one hand,918

schemes I and IV perform well, achieving a KPI∗ of -0.88 and -919

0.91, respectively. Scheme I, in particular, maintains a high Tsup920

as indicated by a VWAST of 60.7°C, with Tsup above 50◦C for921

70.8% of time. This reflects the priority given to DHW com-922

fort, as the decentralised DHW storages can only be recharged923

when Tsup is above 50◦C. On the other hand, scheme II exhibits924

poor performance, with a high tDHW; dc of 77.21% and a lower925

KPI∗ of -17.79, indicating a failure to ensure DHW comfort.926

This suggests that the DRL agent trained with scheme II was927

not able to learn the complex dynamics of concept C.928

In summary, the energy-based optimisation offers useful in-929

sights into the behaviour of DRL agents trained with the differ-930

ent schemes. While scheme I generally shows reliable perfor-931

mance across all concepts, schemes II and III sometimes fail932

to achieve acceptable results. The inconsistent performance933

of these schemes can be attributed to struggling in balancing934

long-term and short-term rewards. For instance, an increase in935

γ without decreasing α (scheme III) might result in too dras-936

tic updates for systems with smaller thermal inertia (concept937

A), while decreasing the learning rate α in scheme II without938

adapting the γ could cause a lack of understanding the long-939

term system dynamics in concept B and C that include DHW940

production. However, when the DRL agents are successful, the941

performance differences tend to be small, highlighting the lim-942

ited optimisation potential in these scenarios without anticipat-943

ing on the dynamic prices. These findings lay the foundation944

for the more complex price-based optimisation, where includ-945

ing the dynamic pricing into the state space and optimisation946

objectives offer more opportunities and a greater challenge for947

the DRL agent.948

3.2. Price-based optimisation949

Table 3 presents the KPIs for DRL agents trained to minimise950

OPEX while maintaining thermal comfort across three different951

concepts. The same lay-out is used as in Table 2. Given the952

electricity tariff is based on hourly day-ahead market prices, ef-953

fective optimisation requires strategic planning of Tsup adjust-954

ments, using the system’s thermal inertia to benefit from lower955

price periods. The same weighting factors for reward and KPI∗956

calculations were used as in Section 3.1.957
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Table 2: Energy-based optimisation: overview of KPIs for testing the trained central PPO agent controlling the Tsup. Each row represents a different learning
scheme for a specific concept (A, B, C), and the first row of each concept indicates the used weights in the reward function (Equation 8) and the KPI∗ calculation
(Equation 13). The higher the KPI∗, the better the DRL agent learned to balance the different objectives. The VWAST represents the weighted average Tsup set by
the agent.

KPIs in KPI∗

Con-

cept

Learning

scheme

OPEX

[e]

PE

[kWh]

RTL

[Kh/day]

tDHW; dc

[%]

KPI∗ [-] VWAST

[◦C]

A f1 = 0 f2 = 0.3 f3 = 0.7 f4 = 0

I 336.07 5109.78 2.85 - -1.26 28.8

II 393.54 5882.68 1.16 - -0.72 33.8

III 238.2 3590.32 19.25 - -6.74 24.8

IV 376.28 5605.2 1.27 - -0.75 33

B f1 = 0 f2 = 0.6 f3 = 0.3 f4 = 0.1

I 636.75 9337.92 1 2.12 -0.963 35.7

II 473.28 7208.85 15.6 2.27 -4.4 26.3

III 626.28 9047.6 1.03 2.32 -0.96 33.5

IV 608.87 8882.4 1.42 2.28 -1.04 32.2

C f1 = 0 f2 = 0.4 f3 = 0.2 f4 = 0.4

I 1806.05 17097.22 1 1.22 -0.88 60.7

II 988.37 10168.25 4.64 77.21 -17.79 31.7

III 1577.75 15461 1.06 2.34 -1.09 53.4

IV 1757.44 16795.14 1.02 1.37 -0.91 57.1

Table 3: Price-based optimisation: overview of KPIs for testing the trained central PPO agent controlling Tsup. Each row represents a different learning scheme for
a specific concept (A, B, C), and the first row of each concept indicates the used weights in the reward function (Equation 8) and the KPI∗ calculation (Equation 13).
The higher the KPI∗, the better the DRL agent learned to balance the different objectives. The VWAST represents the weighted average Tsup set by the agent.

KPIs in KPI∗

Con-

cept

Learning

scheme

OPEX

[e]

PE

[kWh]

RTL

[Kh/day]

tDHW; dc

[%]

KPI∗ VWAST

[◦C]

A f1 = 0.3 f2 = 0 f3 = 0.7 f4 = 0

I 345.51 4932.33 2.71 - -1.07 28.3

II 346.68 5128.24 2.29 - -0.95 29.8

III 180.41 2926.11 38.6 - -10.97 21.4

IV 331.05 5278.2 1.97 - -0.85 30.3

B f1 = 0.6 f2 = 0 f3 = 0.3 f4 = 0.1

I 640.87 8894.95 1.1 2.31 -1.02 32.4

II 579.95 8669.59 1.8 2.28 -1.15 30.4

III 623.85 9134.82 1.13 2.16 -1.01 34.1

IV 611.53 9077.44 1.07 2.09 -0.98 33.1

C f1 = 0.4 f2 = 0 f3 = 0.2 f4 = 0.4

I 1361.35 13600.3 1 12.44 -1.21 30.1

II 889.91 9366.36 3.68 91.04 -5.73 33.3

III 1571.11 15388.42 1.15 2.8 -0.79 48

IV 1764.82 16795.21 1 1.41 -0.74 57.8
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The most consistent observation across all concepts is the958

superior performance of the GALER training method (learning959

scheme IV) in balancing the objectives. This is indicated by the960

lowest KPI∗ values of -0.85, -0.98, and -0.74 for concepts A,961

B and C, respectively. This highlight the ability of DRL agent962

trained with the GALER approach to prioritise long-term objec-963

tives more effectively than the other learning schemes. Specif-964

ically, in concept A, the GALER approach resulted in lower965

OPEX and larger PE use. This indicates the GALER learn-966

ing scheme resulted in a DRL agent that effectively raised Tsup967

during low-price periods and lowered it during high-price peri-968

ods. Despite the better balancing, it generally results in higher969

VWAST, indicating that the Tsup is generally higher during high970

demand times than for the DRL agents trained with other learn-971

ing schemes, which is also reflected in the thermal comfort.972

Focusing on concept A, where the focus lies on indoor ther-973

mal comfort ( f3 = 0.7), learning scheme IV outperformed974

schemes I and II, achieving a lower OPEX of e331.05 com-975

pared to e345.51 and e346.68, respectively. Additionally, the976

average RTL was also improved, with scheme IV achieving977

1.97 Kh/day compared to 2.71 and 2.29 for schemes I and II,978

respectively. This means the GALER scheme saved 4% of979

costs in combination with an 27% increase in thermal com-980

fort, compared to the fixed learning scheme, while it also used981

the most PE. The increased energy use results from the DRL982

agent’s strategic actions: adjusting the Tsup in anticipation of983

future price trends by setting it in the opposite direction of ex-984

pected price changes. Figure 3 illustrates the decision-making985

of this DRL agent, where the black arrows highlight this ob-986

served trend.987

In contrast, scheme III, which used an increasing γ and a988

fixed α, failed to deliver adequate thermal comfort, with a high989

RTL of 38.6 Kh/day/dwelling, due to maintaining a consistently990

low Tsup (VWAST = 21.4◦C). This highlights a key drawback991

of neglecting thermal inertia in complex environments: opti-992

mising only for immediate cost savings can lead to undesirable993

outcomes, such as uncomfortably low indoor temperatures.994

In concept B, the DRL agent trained according to schemes I,995

II, and IV has very similar performance with KPI∗ values rang-996

ing from -1.02 to -0.98. This reflects a similar balance of the997

different objectives in the reward function. Indeed, the differ-998

ences in OPEX, RT L and tDHW; dc are less pronounced in con-999

cept B due to the presence of rule-based controllers that activate1000

the decentralised BHPs. This constrained the DRL agent’s op-1001

timisation capabilities to only a small improvement in BHP’s1002

efficiency and a minor influence on tDHW; dc. Nonetheless, the1003

performance of the GALER approach again suggests that the1004

combined adjustment of learning rate and discount factor al-1005

lowed for more nuanced and effective learning to target this1006

small optimisation potential, as it resulted in the lowest OPEX1007

and highest thermal comfort values.1008

In concept C, the reliance on a gas boiler, which operates1009

at a fixed tariff of e114.04/MWh and has lower efficiency1010

than BHPs, results in significantly higher OPEX and PE use.1011

Despite these higher costs, the decentralised DHW storages1012

and the wider range of possible supply temperatures lead to1013

more pronounced performance differences between the learn-1014

ing schemes. In particular, scheme II exhibits a tDHW; dc of1015

91.04% of tap time, which is comparable to the DHW discom-1016

fort of the DRL agent trained with scheme II for the energy-1017

based optimisation in concept C. This indicates that a decreas-1018

ing learning rate α with fixed γ confuses the DRL agent and1019

limits its ability to capture the slow responsiveness of this com-1020

plex environment. In contrast, the GALER scheme achieves1021

the highest KPI∗ value of -0.74. Adjusting the γ and α allows1022

the DRL agent to efficiently manage the Tsup to minimise the1023

OPEX while providing acceptable levels of DHW comfort.1024

These results underscore the importance of using adaptive1025

learning rate and discount factor schemes for DRL agents to1026

manage the supply temperature of complex thermal systems.1027

Balancing operational cost, thermal comfort, and energy effi-1028

ciency requires dynamic approaches, and the GALER scheme1029

demonstrates the best performance, improving KPI∗ by 3%1030

to 15% compared to the other schemes, excluding the outliers1031

where DRL agents violated thermal comfort constrains.1032

3.3. Analysis of the learning process1033

Figure 4 provides further insights into the training process1034

of the DRL agent trained with learning schemes IV and II in1035

concept C and the price-based optimisation objective. The x-1036

axis shows the training time steps, which are divided into five1037

training intervals, each representing 91 days (from November1038

1 to January 31), marked in different colours. The y-axis rep-1039

resents in a) the total loss (LPPO
t (θ)), in b) the maximum cu-1040

mulative reward achieved during a 7-day episode by one of the1041

five parallel rollout workers in each training interval, and in c)1042

the mean cumulative reward across all five workers during the1043

7-day episodes in each training interval.1044

To assess the success and convergence of the trained agents,1045

the LPPO
t (θ) should stabilise around zero, indicating minimal1046

deviation from the old policy. Meanwhile, both the maximum1047

and mean cumulative rewards should increase across the train-1048

ing intervals, reflecting the agent’s ability to discover a better1049

policy.1050

In graph a), the LPPO
t (θ) for the GALER scheme (learning1051

scheme IV) converges quickly towards zero, indicating small1052

policy updates and effective convergence of the policy. In con-1053

trast, for scheme II, the loss remains high in each episode, indi-1054

cating instability which was also reflected in poor overall per-1055

formance (KPI∗ = −5.73). The fixed γ for a DRL agent trained1056

for concept C likely contributes to this instability, as it is cru-1057

cial for the agent to learn the system dynamics in order to effec-1058

tively manage Tsup for recharging decentralised DHW storages.1059

This becomes even more complex with a variable price struc-1060

ture. This indicates that the γ should not be fixed for cases1061

involving wide temperature ranges and large responsibility for1062

the central DRL agent.1063

Additionally, the mean (graph b)) and maximum (graph c))1064

cumulative reward during the 7-day episodes support this con-1065

clusion. Both rewards increase throughout the training process,1066

with the GALER scheme (learning scheme IV) consistently1067

achieving higher cumulative rewards than scheme II. This in-1068

dicates, the DRL agents find better policies. However, a de-1069

cline in the mean reward is observed within each training in-1070
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Figure 3: Price-based optimisation: the hourly electricity price (in blue on left axis) and Tsup (in orange on right axis) are visualised for DRL agent trained with the
GALER scheme in concept A. It clearly shows that the DRL agent consistently sets lower supply temperatures during high-price times and vice versa.

terval (starting in November and ending in January) for both1071

learning schemes. This can be attributed to the increasing heat1072

demand over this period: in November, the total heat demand is1073

8.9 MWh for SH and 2.9 MWh for DHW, while in December1074

and January, it rises to 13.2 MWh and 13.3 MWh for SH and1075

3.0 MWh and 3.2 MWh for DHW, respectively. As the heat1076

demand increases, it becomes more challenging for the DRL1077

agent to maintain high rewards, particularly as higher Tsup are1078

required to comply with thermal comfort requirements. Conse-1079

quently, the reward component related to primary energy use or1080

OPEX often drops to zero.1081

3.4. Influence of reward weights in price-based optimisation1082

In the previous analyses, the reward weights were selected1083

from preliminary tests to find the overall best performing DRL1084

agent. However, such weights are user-dependent. In order to1085

examine the effects of this variability, the following discussion1086

establishes a wider range of reward weights. Figure 5 illus-1087

trates the performance of the four learning schemes (I, II, III,1088

IV) applied to controlling Tsup in concept C under a price-based1089

optimisation objective ( f2 = 0). A total of 19 variations in re-1090

ward weights assigned to different terms in the reward func-1091

tion are analysed to evaluate their impact on learning perfor-1092

mance. Rows represent the weight assigned to OPEX reduction1093

( f1), while columns correspond to f4, the weight assigned to1094

DHW comfort. The weight for SH comfort ( f3) is computed as1095

f3 = 1− f1 − f4. Since indoor thermal comfort is generally eas-1096

ier to maintain than cost reductions or DHW requirements, f31097

remains between 0 and 0.4, except in one extreme case where1098

f3 = 1. Light blue-coloured boxes indicate a tDHW; dc ≥ 7.5%.1099

In Figure 5a), which presents results for smaller f4 values1100

( f4 ∈ [0, 0.4]), the predominance of blue boxes indicates that1101

assigning a low weight to f4 often leads to DHW discomfort.1102

Specifically, for f4 ≤ 0.2, 22 out of 28 trained DRL agents1103

exhibit DHW discomfort for more than 7.5% of the tap time.1104

This demonstrates that the reward function effectively reflects1105

the desired objectives but underscores the necessity of properly1106

balancing the reward weights to satisfy all comfort boundaries.1107

In Figure 5b), showing higher f4 values ( f4 ∈ [0.5, 1]), learn-1108

ing schemes III and IV generally outperform schemes I and II.1109

For f4 ≥ 0.3, the GALER scheme (scheme IV) performs best in1110

5 out of 12 cases, while scheme III outperforms in the remain-1111

ing 7 cases. However, learning scheme III performs worst when1112

f1 = 0.2 and f4 = 0.4, where the high RT L of 9.37 Kh/day and1113

second-highest tDHW;dc (only scheme II performs worse) lead1114

to suboptimal results. In scenarios where scheme IV does not1115

perform best, its performance remains close to the performance1116

of the best-performing scheme, except in only two cases:1117

1. When f1 = 0.5 and f4 = 0.3, where the DRL agent fails to1118

maintain tDHW;dc below 7.5%.1119

2. When f1 = 0.2 and f4 = 0.6, where the high RT L of1120

3.3 Kh/day reduces the overall performance, even though1121

tDHW;dc (3.5%) is the best among all schemes for these1122

weights.1123

While varying hyperparameter schemes are uncommon,1124

studies that adopt this approach typically focus on adjusting the1125

learning rate. However, learning scheme II violates DHW com-1126

fort requirements in 14 out of the 19 tested reward weight con-1127

figurations. This indicates that varying the learning rate during1128

training without varying the discount factor may not be suitable1129

for optimisation problems involving CHS.1130

In summary, learning schemes with a varying γ (schemes1131

III and IV) consistently outperform fixed-γ schemes (I and II)1132

for concept C with a price-based optimisation objective. This1133

confirms previous findings that a non-fixed γ is advantageous1134

for scenarios with wide temperature ranges, large thermal iner-1135

tia, and huge control responsibility assigned to the central DRL1136
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Figure 4: Insights on the training process are visualised for DRL agent trained with learning schemes IV (best performance, left graphs) and II (worst performance,
right graphs) in concept C with an price-based optimisation objective. In a) the total loss (LPPO

t (θ)) during each episode for the five training intervals is given. The
five training intervals are presented in different colours. Figure b) shows the maximum cumulative reward that one of the five rollout workers obtained during the
episodes of the respective training interval, while graph c) shows the mean reward during each episode of all five rollout workers.
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agent.1137

4. Conclusion and future research1138

4.1. Conclusions1139

This paper investigated the impact of different learning1140

schemes for adjusting the learning rate and discount factor on1141

the performance of a PPO agent controlling the supply temper-1142

ature in various collective heating systems. The systems con-1143

sidered were selected based on increasing impact of thermal in-1144

ertia, which reduces the responsiveness of the system to control1145

actions.1146

The energy-based optimisation provided valuable insights1147

into the behaviour of DRL agents trained under different1148

schemes. While scheme I consistently performed well across1149

all system concepts, schemes II and III occasionally strug-1150

gled to balance exploration vs. exploitation and long-term vs.1151

short-term rewards. In contrast, for price-based optimisation,1152

the GALER scheme consistently demonstrates the best perfor-1153

mance, improving KPI∗ by 3% to 15% compared to the other1154

schemes, excluding the outliers where DRL agents violated1155

thermal comfort constrains. In concept A, the DRL agent’s1156

strategic actions were illustrated by adjusting the Tsup in antic-1157

ipation of future price trends, moving in the opposite direction1158

of expected price changes. These results highlight the impor-1159

tance of varying both the learning rate and discount factor when1160

training DRL agents in complex, multi-objective environments,1161

particularly when the system dynamics lead to slow responsive-1162

ness.1163

In a broader context, the DRL agents and training schemes1164

developed in this study have practical implications for manag-1165

ing collective heating systems in residential buildings. Many1166

district heating networks currently operate under similar opti-1167

misation frameworks, aiming to minimise energy use or costs1168

while ensuring user comfort. Smart thermostats and building1169

energy management systems allow to employ DRL techniques1170

to balance multi-objectives. However, challenges remain, par-1171

ticularly in accounting for external factors such as weather and1172

user behaviour, which can complicate the realisation of optimi-1173

sation potential.1174

4.2. Future Research1175

An adaptive GALER scheme, where the α and γ are var-1176

ied based on system characteristics and reward function should1177

be investigated to further optimise the performance of DRL1178

agents. Now the values of α and γ were predefined during pre-1179

processing (based on preliminary training), which already im-1180

proved the learning performance in most cases. However, an1181

adaptive discount factor scheme as proposed by Kim et al. [55]1182

for a TETRIS game could be used, where the advantage func-1183

tion is used as an indicator for setting the value of the current1184

discount factor during training. When the advantage function1185

is low, the discount factor could be decreased due to overesti-1186

mation, otherwise it could be increased. A similar approach for1187

the learning rate could be developed.1188

To further improve the understanding of delayed-rewards and1189

thermal inertia in the system, the DRL agent could be enhanced1190

by implementing a long short-term memory (LSTM) network1191

in front of the policy neural network. Zou et al. [56] combined1192

an LSTM with Deep Deterministic Policy Gradient to improve1193

the simulation of actual operation in multiple air handling units.1194

However, this requires a myriad of data to train, so it would be1195

interesting to investigate the potential of a GALER scheme with1196

an LSTM. With respect to the BHPs environment, a multi-agent1197

approach as in [57] should be investigated to replace the rule-1198

based activation controllers to enable better demand response1199

strategies.1200
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