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Abstract

Typical domestic Immersion water heater systems are always
turned on during the winter, it heats quickly rather than effi-
ciently and ignores predictable demand windows and ambient
losses. We study deadline-aware control, where the aim is to
reach a target temperature at a specified time while minimis-
ing energy. We introduce an efficient Gymnasium environ-
ment that models an immersion hot-water heater with first-
order thermal losses and discrete on and off actions {0, 6000}
W applied every 120 s. Methods include a time-optimal bang-
bang baseline, a zero-shot Monte Carlo Tree Search plan-
ner, and a Proximal Policy Optimization policy. We report
total energy (Wh) under identical physics. Across sweeps
of initial temperature (10-30 °C), deadline (30-90 steps),
and target temperature (40-80 °C), PPO achieves the most
energy-efficient performance at a 60-step horizon (2 h) it uses
3.23 kWh, versus bang-bang’s 4.37-10.45 kWh and MCTS’s
4.18-6.46 kWh, yielding savings of 26% at 30 steps and 69%
at 90 steps. In a representative trajectory (50 kg, 20 °C am-
bient, 60 °C target), PPO consumes 54% less energy than
bang-bang and 33% less than MCTS. These results show that
learned, deadline-aware control reduces energy under identi-
cal physics where planners provide partial savings without
training, while policies offer near-zero-cost inference once
trained.

Introduction

Domestic hot-water heating is a routine service that draws
a substantial share of household energy. In practice, de-
mand is clustered at predictable times, such as before work
or in the evening. Yet many controllers still drive the ele-
ment at full power using simple on—off rules (Lakshmanan,
Sele, and Degefa 2021; Ruelens et al. 2017; Khurram et al.
2020). These rules ignore how much water is in the tank,
how quickly heat is lost to the room, and when hot water
is actually needed. The result is heating earlier or harder
than necessary, higher energy peaks, and missed opportu-
nities to shift load away from carbon-intensive periods. A
controller that reasons about volume, ambient conditions,
and a specific deadline can heat just in time and just enough,
aligning comfort, cost, and emissions goals(Kim et al. 2024;
Buechler, Goldin, and Rajagopal 2025; Maltais and Gosselin
2022).
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Here we study a deadline-aware, energy-minimising con-
trol problem for a domestic immersion hot-water heater. The
task is to reach a target temperature at a specified time while
using as little energy as possible, evaluated against a toler-
ance band at the deadline. This framing reflects how house-
holds plan availability and connects directly to resource
management and environmental objectives, without mod-
elling user behaviour patterns.

To make comparisons fair and reusable, we build a
lightweight, reproducible simulation environment that cap-
tures first-order thermal dynamics with heat loss and ex-
poses a stepwise control interface via the Gymnasium API.
Physics, initial conditions, and timing are held constant
across controllers so differences in outcome reflect decision
making rather than modelling quirks. We evaluate a time-
optimal bang-bang baseline that heats as fast as possible,
a Monte Carlo Tree Search planner, and a Proximal Policy
Optimisation agent, all operating with discrete on and off
actions {0, 6000} W applied every 120 s. We report total en-
ergy in watt-hours (Wh) under identical physics and timing;
the example trajectories shown meet the tolerance band at
the deadline. We also include small sweeps over target tem-
perature, initial temperature, and deadline (target time step)
to show how each controller scales under identical condi-
tions.

A clear pattern emerges. When deadlines are generous or
the initial temperature is higher, the energy gap narrows,
but bang-bang still trails the other methods. As the dead-
line tightens or the target temperature increases, anticipation
matters where the planner and the learned policy delay or
modulate the heating and, in the trajectories shown to reach
the target at the deadline with lower energy. PPO in partic-
ular tends to avoid overshoot. For deployment, the planner
can be competitive on energy but requires online search at
each step, whereas a trained policy executes instantly and is
easier to embed at scale. Our contributions are:

* A deadline-aware, energy-minimising immersion-heater
benchmark with a transparent evaluation protocol under
identical physics and timing (discrete on and off actua-
tion, fixed step)

* A comparison of bang-bang, MCTS, and PPO on the
same environment and

* Evidence from small sweeps over target temperature, ini-



tial temperature, and deadline that the learned policy
(PPO) forms the lower energy envelope while model-
based planning (MCTS) provides partial savings over a
common baseline, together with a brief discussion of de-
ployment trade-offs between planning and learned poli-
cies.

Related Works

Domestic electric water heaters are routinely treated as small
thermal stores that can shift heat input without sacrific-
ing service. Work on thermostatically controlled loads and
device-level scheduling uses compact first order models to
capture standby losses and simple draw dynamics, and then
optimises when to charge against energy or tariff objectives
while respecting temperature bands at usage times (Ruelens
etal. 2017; De Somer et al. 2017; Amasyali et al. 2021). This
view places the decision squarely at the tank: if demand is
predictable and the tank stores heat, there is little reason to
keep it hot continuously.

Deadline-aware heating is the building-controls version of
that intuition. Under the label optimal start, the controller
delays heat input so temperature arrives within a band at
a specified time, thereby cutting preheat losses (Kim et al.
2024). In practice this ranges from analytic latest-start rules
derived from first order fits to data-driven warm-up predic-
tions. Alongside these, thermostatic on and off control with
hysteresis remains the everyday baseline because it is sim-
ple and robust. These heuristics set expectations for fixed-
power devices and make failure modes visible when dead-
lines tighten or losses are underestimated.

When a simulatable model is available, model-based plan-
ning offers a complementary path. Model predictive control
spans linear-quadratic formulations through robust nonlin-
ear variants with explicit constraints and forecasts (Drgonia
et al. 2020; Rawlings et al. 2018). Forward search meth-
ods such as Monte Carlo Tree Search provide an alternative
when one prefers online look-ahead over solving an opti-
misation problem directly (Browne et al. 2012). A consis-
tent theme across these planners is the deployment trade-off:
longer horizons and richer branching improve decisions but
increase per-step compute and memory, which can exceed
the budgets of embedded controllers (Putta et al. 2013).

Reinforcement learning has been used for HVAC and
electric water heaters to trade energy or cost against com-
fort penalties, from early value-based controllers to policy-
gradient agents (Wei, Wang, and Zhu 2017; Ruelens et al.
2017; Rohrer et al. 2023). In well-shaped, stationary tasks,
learned policies can approach model-based performance
while offering near-zero inference cost at runtime, which
makes PPO-style agents attractive once trained. The con-
trast with planners is practical rather than philosophical:
search buys foresight at deployment time, learned policies
buy speed.

Finally, benchmark efforts emphasise clear interfaces and
transparent metrics so studies are comparable. BOPTEST
standardises KPIs and containerised cases for apples-to-
apples evaluation, and CityLearn provides Gym-compatible
scenarios at district scale (Blum et al. 2019; Nweye et al.

2025). In the same spirit, we use a minimal Gymnasium en-
vironment with identical physics across controllers and re-
port energy at the deadline under a fixed tolerance setting.
The focus is a device-level, deadline-aware slice that others
can extend with tariffs, emissions signals, or richer distur-
bances.

Our study adopts the optimal-start intuition from build-
ing controls—arrive within a temperature band at a spec-
ified time—but focuses on a device-level, deadline-aware
slice with a fixed on and off actuation and a first-order tank
model. In contrast to cost- or tariff-driven day-scale schedul-
ing common in domestic hot-water studies (Ruelens et al.
2017; De Somer et al. 2017; Amasyali et al. 2021), we
evaluate energy at the deadline under identical physics and
timing, without modelling user behaviour, tariffs, or draw
events. Compared with model-based planning (MPC or for-
ward search) (Drgona et al. 2020; Browne et al. 2012), we
place Monte Carlo Tree Search and a learned PPO policy
side by side in the same environment to surface the prac-
tical trade-off between online search and near-zero infer-
ence. Relative to prior RL work on building and water-heater
control (Wei, Wang, and Zhu 2017; Ruelens et al. 2017;
Rohrer et al. 2023), our contribution is a minimal Gymna-
sium benchmark that isolates arrival-time control and re-
ports energy with fixed tolerances, enabling clear, method-
agnostic comparisons. The scope is deliberately narrow with
no time-of-use pricing, emissions signals, or stratified tank
models, so that the baseline, planner, and policy can be com-
pared under the same physics. These extensions are natural
next steps and remain compatible with the same protocol.

Methodology
Physical system and modelling assumptions

The simulation environment is a Gymnasium environment
which simulates a single water tank with lumped thermal
capacity and convective losses to the environment. The wa-
ter is assumed to be spatially uniform in temperature. Heat is
added to the tank by an electric immersion heater with fixed
efficiency 7, and heat is lost from the tank via convection.
Under these assumptions, the energy balance is

dT
chE = ’I’]P(t) — hA [T(t)_Ta]a (1)

Discretization and transition function

Control is applied at a fixed sampling interval At = 120s (2
minutes), which means each step time step represents 120 s.
Using forward-Euler integration of (1):

At
Tt+1 = Tt + e [77Pt — hA (Tt — Ta)] . (2)
me

With the nominal parameters, the dimensionless cooling

factor is WA A 5120
t .
= ~ 0.043,
mcy 50 - 4184
well within a stable range for explicit integration at At =
120s.




Table 1: Environment quantities and fixed settings.

Qty Sym Val Unit
Temp. T - °C

Step temp. T; - °C
Amb. temp. T, 20 °C
Spec. heat cp 4184 Jkg7'K™!
Heat-loss coeff. ~ h 50.0 wec!
Area A 1.5 m?
Time step At 120 S

Time t - S

Water mass m 50 kg
Heater eff. n 0.95 -

Elec. power (on)  Pelec,on 6000 W
Elec. power (off)  Peiec,or 0 W

Traj. (To, Tiar, D) — (20,60,60) (°C,° C, steps)

State, observation, and action

The environment is fully observable there the state space and
the action space are exactly the same. The observation space
(provided to all controllers) consists of the following scalars:

0t = [Ttv Tiarget, La, Tt]a

3

n=T"—t. ®

where 7™ is the designated target time step. The ac-
tion space is discrete, A = {0,1}, mapped to power

{0,6000} W.

Horizon and termination

Episodes terminate at the target time, if |t — T™*| < 7 (toler-
ance 7 > 1 step in evaluation), the transition is terminal and
the terminal penalty is applied.

Reward shaping and costs

In order to ensure a balance between energy savings and
meeting the time and temperature requirements the reward
function is based on the following principles:

¢ In the penultimate step, the cost of energy to improve the
final temperature, should be less than the benefit in terms
of final reward.

¢ QOpverall reward for a complete episode should be between
either (1, —1), (0, —1) or (1,0).

* Final penalty for not reaching target temperature should
be uniform.

¢ Penalty for energy used should be uniform.

e Reward should only depend on state,action and next
state.

* Reward function should be as simple as possible.

These principles ensure that the devised reward function
encourages the model to take heating actions instead of con-
serving energy throughout the episode and ignoring the tem-
perature requirements.

The reward function can be divided into two parts; the per-
step reward, which is a penalty for using energy at that step,
and the end of episode reward, which is a penalty based on

the temperature difference between the target temperature
and the temperature at the end of the episode.

ry = —aEt

_ﬂ |Ttarget - Tt+1‘7 if |T - T*| <rT (4)
+ .
0, otherwise.

with step energy E; = P; At (Joules). Constants: o =
1.86 x 1078, 3 = 0.03.
The cost of one extra on-step at the end must be smaller
than the benefit of reducing the terminal error by 1°C:
aEstep < 5 . 1OC.
Heater input when “on”:
Pon = 1 Pmax = 0.95 x 6000 = 5700 W.
Step duration:
At = 120s.
Energy per on-step:
Egep = PonAt = 5700 x 120 = 684,000 J.

Selection of o
We target a per-step energy penalty of about 1.3 x 102 so
that:

* Over 60-90 steps, the worst-case all-on energy cost is
=~ (.76 to 1.15, keeping total return within a compact
interval near [—1.2, 0].

* One extra on-step remains cheaper than a 1°C terminal
improvement (see 3 below).

Solve a Egep ~ 0.01275 = o ~ 0.01275/684,000, yield-
ing

o = 1.86x10"8J7!
and thus aFgp =~ 0.0128 per on-step (uniform, state-
independent).

Selection of 5
We require the benefit of improving terminal temperature by
1°C to exceed one on-step cost:

B-1°C > aByep ~ 0.0128.
Choose

B = 0.03/°C,

which satisfies 5(1°C) = 0.03 > 0.01275. Intuition: in the
penultimate step, if one extra on-step can realistically reduce
terminal error by 1°C, the net gain is 0.03 — 0.01275 ~
0.01725; if the expected improvement is small (e.g., <
0.4°C), the action is not justified, discouraging gratuitous
heating.

Experimental factors
To probe robustness, we vary:

* Initial temperature: T, € {10, 15,20, 25,30}°C

* Target time step: 7* € {30,45, 60, 75,90}

* Target temperature: T;,...; € {40,50,60,70,80}°C
For each configuration, parameters are set at instantia-

tion; when T increases, max_steps and the observation
bounds are updated in lockstep.



Design rationale

First-order physics with Newtonian losses yields an analyt-
ically transparent, computationally light plant suitable for
both online planning (MCTS) and policy learning (PPO).
The target-time termination emphasizes when the target is
achieved, not only whether. The minimal observation ex-
poses only necessary variables, and binary actuation reflects
common immersion-relay hardware while preserving a non-
trivial scheduling problem.

We study domestic hot-water heating as a deadline-aware,
energy-minimising control problem. A controller must bring
the water to a specified target temperature by a given deci-
sion time while expending as little energy as possible. To
compare alternative strategies on equal footing, we imple-
ment a lightweight simulation with first-order thermal losses
and a stepwise control loop, so both planning and learning
methods act under identical physics and timing.

Problem formulation and MDP

The entire experiment is formulated as a finite-horizon
Markov decision process. The state at time ¢ is

St = [Tta Ta7 Tt, Ttargeb M]7
The discrete action space,
a; € {0, P,n}, P,,, = 6000 W,

represents off and on at a fixed power level. Episodes trun-
cate at the deadline t = D.
A service constraint can be checked at the deadline as

‘TD - ﬂargel| S A:Z—‘bzmdv

where ATpg = £1°C. The results reported in this paper
we do not filter runs by success; we report energy for all runs
and show a representative trajectory that reaches the target
at the deadline.

Controllers

Bang-bang baseline A reactive policy applies P,,, until
the temperature enters the target band, then maintains within
the target temperature threshold thereafter. This baseline is
time-optimal for reaching the set-point under fixed power
but does not explicitly minimise energy.

Monte Carlo Tree Search plans the heater actions over
the evaluation horizon by iterating through these canonical
four phases: (i) selection, where a path is traced from the
root using UCB1 with exploration constant c to balance ex-
ploitation of high empirical returns and exploration of un-
certain branches; (ii) expansion, which adds the next unvis-
ited action at the frontier node; (iii) simulation, which rolls
the exact immersion-heater simulator forward to the horizon
to obtain the cumulative reward defined in our study; and
(iv) backup, which propagates the simulated return to up-
date visit counts and action-value estimates along the path.
Because the dynamics are deterministic and the action space
is binary, repeated simulations concentrate the rollout bud-
get (25,000 per episode) on promising trunks, progressively
refining value estimates where it matters most. The final con-
trol is the root action with the highest visit count/estimated

value, and the resulting action sequence is executed in the
same environment used for evaluation, ensuring consistency
between planning and deployment.

We use UCB1 for selection,

Qi In N
argmax — + ¢ ,
7 n; n;

withc=+v2~ 1414.Ina binary action space (off/on), this
value provides balanced exploration: it prevents premature
commitment to high-heat branches at shallow depth while
allowing rapid concentration on promising trunks once ev-
idence accumulates. Smaller ¢ risks myopic plans (more
overshoot or wasted energy); larger ¢ spreads simulations
too thinly (slower value convergence, higher terminal vari-
ance).

Each plan uses 25,000 simulations from the root. Budgets
below this threshold increased variance; beyond it, improve-
ments were marginal relative to compute.

Achieving 25,000 rollouts per episode requires a fast, de-
terministic simulator. We use the same thermodynamic step
as evaluation (Newton cooling + heater input), ensuring that
MCTS estimates align with execution-time dynamics and
that returns reflect the uniform energy and terminal-error
costs.

Proximal Policy Optimisation We use PPO from Stable-
Baselines3 with a multilayer perceptron and a discrete action
head. The model was trained under default hyperparameters
for 2.5 Million time steps, but the model converged to the
optimal policy after 2.1 Million time steps of training on the
Immersion water heater simulation environment, with dif-
ferent starting states to ensure generalisibility of the model.

Evaluation protocol

All controllers are evaluated under identical physics, initial
conditions, and timing. The primary metric is total energy
E =", E; in Wh. We characterise scaling with three one-
dimensional sweeps:

* Target temperature: T, € {40,50,60, 70,80} °C at
fixed T and D.
o Initial temperature: 7, € {10, 15,20,25,30} °C at
fixed Tiarger and D.
* Deadline (target step): D € {30, 45, 60, 75,90} at fixed
Tlargel and T0~
We additionally show one representative trajectory with
Ty = 20°C, Tiarger = 60°C, and D = 60 steps (each step
is At = 120 s).

Implementation details and reproducibility

All implementations are in Python. PPO uses Stable-
Baselines3. The planner uses the same environment inter-
face. Training and evaluation are performed on CPU.

Results

In this section we evaluate the performance of PPO and
MCTS against the bang-bang approach (baseline). We ex-
ecuted a series of experiments to observe how all of these
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Figure 1: Single-episode temperature trajectories under
bang-bang, MCTS, and PPO. Setup: m = 50 kg, T, =
20°C, At = 120 s, horizon D = 60 steps, target 60°C.
PPO heats just in time and uses the least energy; MCTS is
intermediate; bang—bang is highest.

models perform under different environmental conditions.
Each controller must, at 120 s intervals, select a discrete
heating action {0, 6000} W to drive the water tank from its
initial temperature to the specified setpoint at the specified
target time step while minimising cumulative energy used.

For each setting we report the cumulative energy used
(Wh), thereby directly comparing these models and evalu-
ating their energy efficiency over various conditions.

Across all different scenarios PPO consistently outper-
formed MCTS and baseline in terms of energy efficiency
while achieving the temperature requirements. The bang-
bang approach was considered as the baseline approach
which consumed substantially more energy than other two
approaches. The MCTS approach in most cases outper-
formed the baseline but consistently underperformed against
PPO.

PPO Training

A PPO policy was trained in simulation for 2.5 M environ-
ment steps using the default Stable-Baselines3 hyperparam-
eters. To promote generalisation, each episode drew a fresh
start state so the policy experienced a broad range of oper-
ating conditions rather than a single nominal regime. The
learning curve showed a steady increase in episodic return
with shrinking variance; performance converged at around
2.1 M steps and subsequently plateaued with only minor
stochastic fluctuations, indicating that the learned strategy
had stabilised.

Zero-Shot MCTS

As a training-free baseline, MCTS performs online planning
with known dynamics and reward at decision time—no data
collection, no parameter fitting, and no offline optimisation.
In our evaluations, vanilla MCTS serves as a credible zero-
shot alternative to PPO: it consistently outperforms a rule-
based bang—bang controller on energy efficiency while re-
quiring no training. The trade-off is modestly lower energy
efficiency than the converged PPO policy, reflecting the ab-
sence of learned priors and amortized optimisation.
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Figure 2: Total energy (Wh) versus initial temperature for
three controllers at fixed target 60°C and horizon D = 60
steps. PPO forms the lower envelope with low variance;
MCTS yields partial savings over bang—bang but is less con-
sistent; bang—bang consumes the most energy across the
range.

Trajectory-level behaviour

Figure 1 shows a single representative episode with a 60-step
horizon and a 60°C target in the immersion water-heater en-
vironment (m = 50 kg, T, = 20°C, At = 120 s). PPO
follows a delayed heating strategy and settles near the set-
point with the lowest energy, using 54% less than bang—bang
and 33% less than MCTS. Zero-shot MCTS achieves inter-
mediate savings but exhibits larger initial deviation and less
precise terminal adjustment. Bang—bang expends the most
energy due to prolonged full-power heating and yields only
marginal terminal improvement relative to PPO.

Single-episode trajectories (Temperature vs. Time) reveal
the mechanisms behind the aggregate trends. PPO follows
the perfect heating strategy with a policy that defers heating
until necessary to ensure energy efficiency. Zero-shot MCTS
applies targeted bursts that often reduce energy relative to
rule-based control but sometimes mis-time terminal adjust-
ments, producing overshoot or residual error. Bang—bang is
dominated by prolonged full-power phases and reaches the
vicinity of the setpoint late, explaining its large cumulative
energy.

Initial temperature sensitivity

Figure 2 plots total energy versus initial temperature at fixed
Tiarger = 60°C and D = 60 steps: PPO forms the lower en-
velope with low variance, MCTS is intermediate with higher
dispersion, and bang—bang is highest across the range.
Warming the start state reduces the required energy for ev-
ery controller, but the slope and variance differ dramatically
between methods.PPO exhibits weak sensitivity to the ini-
tial state and minimal run-to-run dispersion, consistent with
a policy that defers heating until necessary, thereby avoid-
ing energy wasted to the higher heat-transfer rates that occur
at larger temperature differentials. MCTS yields meaningful
savings over bang—bang without any prior training, but its
profile is non-monotone in places and the terminal tempera-
ture distribution is wider, reflecting search stochasticity and
the absence of learned terminal priors. Bang—bang follows
the expected inferior energy efficiency with warmer starts
and remains dominant in energy use because full-power
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Figure 3: Total energy (Wh) versus deadline D (30-90 steps)
for three controllers at fixed initial temperature and tar-
get 60°C. PPO remains near-flat across horizons; MCTS is
intermediate with some non-monotonicity; bang—bang in-
creases roughly linearly with D.
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Figure 4: Total energy (Wh) versus target temperature
(40-80°C) at fixed initial temperature and D = 60 steps.
Energy rises for all methods with higher targets; PPO is con-
sistently lowest, MCTS intermediate, bang—bang highest.

heating persists until the threshold crossing irrespective of
residual horizon.

Target time-step (horizon) sensitivity

Figure 3 shows total energy versus deadline D €
{30, 45,60, 75,90} steps at fixed Tiargee = 60°C. PPO re-
mains near-flat at approximately 3230 Wh across horizons.
Bang-bang increases roughly linearly from 4.37 to 10.45
kWh (about 1520 Wh per 415 steps, ~ 101 Wh/step).
MCTS is intermediate (about 4.18-6.46 kWh) with non-
monotonic increments consistent with finite search. Relative
to bang—bang, PPO’s savings grow with horizon, from about
26% at 30 steps (3230 vs 4370 Wh) to about 69% at 90 steps
(3230 vs 10450 Wh).

Allowing more time amplifies the differences in time
awareness. PPO maintains nearly flat energy across hori-
zons, evidence that the learned policy avoids gratuitous
heating when time is abundant and concentrates control
effort close to termination. Zero-shot MCTS scales more
gently with horizon than bang—bang but is non-monotone
due to finite search budgets and horizon-dependent ex-
ploration—exploitation trade-offs. Bang—bang energy grows
predictably with horizon: longer windows simply extend
periods of unnecessary full-power actuation with little im-
provement in terminal accuracy.

Target temperature sensitivity

Figure 4 reports total energy versus target temperature
(40-80°C) at fixed initial temperature and D = 60 steps.
Energy rises for all methods with higher targets; PPO is con-
sistently lowest, MCTS intermediate, and bang—bang high-
est.

Raising the setpoint increases energy required for all con-
trollers. PPO forms the lower envelope with a gradual rise
and limited variance. Zero-shot MCTS is intermediate and
occasionally shows local irregularities, symptomatic of my-
opic rollouts that do not fully internalize end-effects at
higher setpoints. Bang—bang exhibits the steepest growth,
driven by its binary actuation and insensitivity to remaining
time.

Summary of Quantitative Results

PPO consistently occupies the Pareto-efficient frontier: low-
est energy at near-setpoint terminal temperatures and the
tightest dispersion across all sweeps. Zero-shot MCTS is
strictly better than bang—bang on energy in most settings
and approaches PPO in some regimes, but it exhibits higher
terminal-temperature variance and occasional overshoot/un-
dershoot. Bang—bang achieves acceptable terminal temper-
atures but pays for them with systematically higher en-
ergy, particularly as the permitted horizon or the setpoint
increases.

Throughout these experiments a consistent theme can be
observed for all three models. The bang-bang controller
heats at full power from the very start and once it reaches
the target temperature, it oscillates within the target tem-
perature range until the target timestep is reached. This is
the least energy efficient approach and it loses significant
amount of energy while actively trying to maintain the tem-
perature. MCTS on the other hand is a good mix of perfor-
mance and no training, as it consistently outperformed bang-
bang approach. MCTS controller was unable to outperform
PPO, because the MCTS applied targeted bursts of heating
but it can overshoot due to the randomness introduced in the
rollout. PPO learnt the optimal policy, where it would follow
a delayed heating strategy to avoid losing heat to environ-
ment thereby conserving energy. The controller consistently
used the least amount of episode energy, underscoring the
significance of prior training.

Conclusion

We studied deadline-aware control for a domestic immer-
sion hot-water heater under identical physics and timing, us-
ing an efficient Gymnasium environment with discrete on
and off actions applied every 120 s. Across three families
of experiments: sweeps over initial temperature, target time
step (deadline), and target temperature, and a representative
trajectory, a clear pattern emerged. The learned policy (PPO)
consistently formed the lower energy envelope, the zero-shot
planner (MCTS) provided partial savings without training,
and the time-optimal bang-bang baseline consumed the most
energy; therefore, it was least energy efficient approach. In
the 60-step, 60 °C case, PPO reduced total energy substan-
tially relative to bang-bang and MCTS, and the trajectories



shown reach the target at the deadline with lower energy.

These findings reinforce a simple message that when the
task is to arrive on time while using less energy, antici-
pation matters. Controllers that delay or modulate heating
near the deadline avoid unnecessary losses, while binary
full-power behaviour pays an increasing penalty as target
temperature rises or the available time changes. The plan-
ner versus policy trade-off is practical where MCTS offers
training-free improvements but incurs online search at every
step, whereas a trained PPO policy executes instantly and is
easier to embed at scale.

Future work will extend this to continuing on-demand
control with periodic truncation and incorporate time-
varying tariffs and richer actuation to assess cost, emissions,
and peak power alongside energy.
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