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ABSTRACT: Rising penetration of distributed renewables and residential battery storage is reshaping demand-side
management in smart grids, yet coordinating many household batteries to reduce grid dependence remains an open
challenge. Conventional rule-based andmodel-based controllers scale poorly and require accurate forecasts,motivating
data-driven control.This study evaluates the capacity of Deep Reinforcement Learning (DRL) to reduce grid electricity
consumption across a network of 200 smart homes using a realistic, synthetic, year-long, daily demand dataset.
We develop a custom OpenAI Gymnasium environment that models household-level battery dispatch, assuming a
5 kWh battery per home with daily renewable recharge. Four widely used DRL algorithms from Stable-Baselines3,
Proximal Policy Optimization (PPO), Advantage Actor–Critic (A2C), Soft Actor–Critic (SAC), and Twin-Delayed
DDPG (TD3) are trained under identical conditions to minimize total annual grid draw. Results show substantial
savings relative to a no-control baseline, with A2C achieving 48.2% annual energy savings, TD3 44.3%, SAC 43.8%, and
PPO 0.2%. Analysis of learning dynamics, savings distributions, and sample operational periods suggests that policy-
gradient and off-policy continuous-controlmethods can learn effective battery scheduling policies in high-dimensional
action spaces, whereas PPO requires additional tuning to achieve comparable performance. The work contributes a
reproducible DRL benchmarking framework for realistic energy datasets and surfaces practical design considerations,
normalization, rollout length, and model capacity that materially affect convergence and performance in multi-home
energy management.

KEYWORDS: Smart home energymanagement; deep reinforcement learning; proximal policy optimization; advantage
actor–critic; soft actor–critic; twin-delayed DDPG; battery dispatch optimization

1 Introduction
A contemporary smart grid must be capable of accommodating large volumes of distributed energy

resources (DER) and battery storage devices in a reliable, cost-effectivemanner.The combination ofDER and
storage devices has the potential to decrease the cost of generation, balance generation and loss, and improve
reliability in service provision [1]. However, this also introduces time-varying and uncertain dynamics that
must be carefullymodeled and simulated [2,3].The literature on smart grids highlights several technical chal-
lenges in integrating dispersed renewable resources and energy storage, including interoperability between
multiple nodes, handling large amounts of data, navigating socio-economic regulations, and meeting capital
investment requirements [4,5]. Effective storage solutions and common standards are crucial for avoiding
load shedding and ensuring grid stability [6]. Additionally, distributed batteries can help mitigate the
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intermittency of renewable generation by charging during periods of low demand and feeding back during
peak times [1,3]. However, recent review articles have pointed out that the real two-time control and dispatch
of these assets remain emerging research challenges [7,8].

One potential architecture currently in development is the multi-home battery dispatch system. This
system involves equipping each home in a community with a small battery and potentially rooftop photo-
voltaics.When properly coordinated, these batteries can be utilized to reduce peak grid demand, increase the
use of renewable energy, and facilitate peer-to-peer energy trading. However, there is limited data available
on the effectiveness of this system. The Energy Consumption Dataset for Smart Homes provides synthetic
daily consumption and production profiles for 20, 50, 100, and 200 homes, including a simulated dataset of
50 homes in northern Saudi Arabia [9]. This dataset allows researchers to model multi-home dispatch and
analyze how individual batteries contribute to overall aggregate behavior [9].

Most deployed energy-management systems use rule-based or heuristic strategies due to their low
computational demands and ease of interpretation [10,11]. However, these strategies require designers to
predetermine rules for all possible situations and are unable to adapt to changing circumstances [12]. While
rule-based approaches may be transparent, they often struggle to balance accuracy and computational
complexity, resulting in poor performance. Recent surveys on smart-grid algorithms also highlight the
need for accurate information on costs, prices, and renewable outputs in model-based optimization and
deterministic scheduling [13]. Stochastic programming can handle uncertainty, but it becomes difficult to
scale when dealing with a large number of homes and daily decisions [14,15]. As a result, researchers have
turned to model-free methods [16].

DRL has garnered significant attention in the field of energy management due to its ability to learn
optimal control policies through interactionswith the environment, operate in high-dimensional state spaces
and uncertain environments, and generalize to novel conditions [17,18]. In contrast, traditional rule-based
or proportional–integral–derivative (PID) controllers used in building energy management systems are
static, struggle with multi-objective trade-offs, and cannot be scaled. However, DRL has the potential to
learn and optimize multiple objectives in real-time and generalize across buildings [19,20]. For instance,
algorithms based on reinforcement learning (RL) have been proposed for scheduling battery energy storage
in energy markets, and have been shown to learn charging/discharging policies without requiring accurate
environmental models, making them robust to uncertainties [21]. In another study, a battery model and
an electricity price forecasting model are integrated into an RL-enhanced scheduling framework, where a
profit-maximizing agent is trained through reinforcement learning to consider physical constraints [22].
Similarly, a study using soft actor-critic (SAC) for community battery dispatch in the presence of uncertain
solar generation and energy prices found that SAC outperformed proximal policy optimization (PPO) and
deep deterministic policy gradient (DDPG) on a community battery scheduling problem [23]. Furthermore,
DRL control of co-located batteries has been shown to achieve 61.96% of the theoretical optimal operation in
grid-scale applications and is more effective at shifting solar energy to high-demand times compared to rule-
based control [24]. Additionally, DRL dispatch introduces diversity in battery actions, minimizing ramping
problems caused by synchronized behavior [25].

AlthoughDRLhas shown promise, themajority of studies focus on single buildings or smallmicrogrids,
often using simulated data or simplified environments [26]. Few works examine multi-home battery
scheduling at the community scale or comparemultiple DRL algorithms on the same dataset. To address this
gap, our study makes four contributions. Our first contribution is optimizing multi-home battery dispatch
in smart grids. We use a synthetic dataset of daily energy consumption and production from 200 homes,
with a variety of household loads and renewable contributions [9]. Managing a large number of distributed
batteries is crucial in reducing peak grid demand and energy costs. To simulate this problem, we design a
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custom OpenAI Gym environment for multi-home battery dispatch. Each episode represents one year of
daily decisions, and the state space includes per-home energy demand and a time index. The environment
allows for continuous actions to indicate the proportion of battery capacity used in each home, and rewards
are based on the amount of grid energy consumed.

We train and compare four representative DRL algorithms, PPO, A2C, SAC, and TD3, using the same
environment and training budget. Recent literature indicates that SAC often outperforms other RL methods
in battery scheduling, while A2C and PPO have shown promise in other energy-management contexts [23].
Our results reveal how these methods perform in a high-dimensional multi-home setting [26]. This paper
is a proposal of a scalable DRL framework to optimize battery dispatch in a smart-grid environment with
200 smart homes. We model a community using a real-world energy consumption dataset, with each
home having a 5 kWh battery and possibly local renewable generation. An environment based on OpenAI
Gymnasium simulates day-to-day household demand, and the DRL agents PPO, A2C, SAC, and TD3 can
learn charging and discharging policies that minimize the energy drawn on the grid. The methodology
models the dynamic interaction of several independent batteries with the grid and allows coordinated actions
to decrease peak demand, increase self-consumption of renewable energy, and maximize energy efficiency,
as shown in Fig. 1.

In the remainder of this paper, Section 2 reviews existing research on smart grid energy management
and DRL applications in distributed battery scheduling. Section 3 details the proposed multi-home battery
dispatch environment, dataset, and DRL training setup. Section 4 presents a comparative evaluation of
PPO, A2C, SAC, and TD3 on real-world consumption data. Section 5 interprets the results and highlights
practical implications for smart grid integration. Finally, Section 6 summarizes the key findings and outlines
directions for future research.

2 Related Work
The integration of distributed energy storage systems (DESS) into smart grids has been widely rec-

ognized as a promising approach to enhance grid flexibility, support renewable integration, and reduce
operational costs [27,28]. Battery energy storage systems (BESS) can perform peak shaving, load shifting,
and frequency regulation, thus alleviating grid congestion and improving power quality [29,30]. While early
works primarily relied on deterministic or rule-based scheduling strategies [31,32], these approaches often
fail to adapt to stochastic demand profiles and renewable generation uncertainties.

Model-based optimization techniques, such asmixed-integer linear programming (MILP) and dynamic
programming (DP), have been widely applied to battery dispatch problems [33]. However, their com-
putational complexity grows rapidly with problem size and time horizon, making them unsuitable for
large-scale residential deployments. Furthermore, such approaches typically require precise forecasts of load
and generation, which may be unreliable in synthetic contexts [34]. As a result, heuristic and metaheuristic
methods, including genetic algorithms [35] and particle swarm optimization [36], have been explored, yet
these methods can struggle with convergence and scalability.
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Figure 1: Scalable DRL framework for optimizing battery dispatch across 200 smart homes.

In recent years, deep reinforcement learning (DRL) has emerged as a powerful alternative for sequential
decision-making in energy systems [37,38]. DRL combines reinforcement learning’s adaptability with
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deep learning’s representational capacity, enabling agents to learn optimal control strategies from high-
dimensional state–action spaces without explicit modelling of the system dynamics [39]. Notably, DRL has
been applied to building energy management [10,12], microgrid scheduling [13,40], and electric vehicle
charging coordination [41].

Among DRL algorithms, policy gradient methods such as Proximal Policy optimization (PPO) [42],
Advantage Actor–Critic (A2C) [43], Soft Actor–Critic (SAC) [44], and Twin Delayed Deep Deterministic
Policy Gradient (TD3) [45] have shown strong performance in continuous control tasks relevant to energy
systems. PPO has been used in residential demand response scenarios with promising convergence stabil-
ity [46], while A2Chas demonstrated superior learning efficiency in stochastic environments [47]. Off-policy
algorithms such as SAC and TD3 can leverage replay buffers for improved sample efficiency, making them
attractive for scenarios with limited interaction opportunities [48].

Recent studies have explored multi-home and community-level battery optimization using DRL. For
instance, study [49] proposed a multi-agent DRL framework for coordinated charging/discharging in
community microgrids, while study [50] combined DRL with model predictive control (MPC) to improve
operational stability.

More recent multi-agent DRL (MADRL) frameworks explicitly target the coordination and scalability
issues of many-home settings: study [51] propose a centralized-training/decentralized-execution MADDPG
variant that shares only strategic information to address single-point failures, communication overhead,
and privacy in smart communities, while study [52] uses federated RL across multiple smart homes with
distributed energy resources, and study [53] demonstrates scalable privacy-preserving MADRL for large-
scale peer-to-peer energy trading. Relative to these, our study contributes a controlled single-environment
benchmark of four actor–critic algorithms; we position a decentralizedMADRL reformulation as the natural
extension (Section 5).

integratedDRLwithmodel predictive control for improved operational stability. However,most of these
studies rely on simulated datasets or simplified load profiles, limiting their applicability to real-world sce-
narios. The use of large-scale, realistic synthetic residential datasets, as in this work, remains comparatively
underexplored and poses additional challenges in handling variability and demand diversity [54].

In this study, we build upon these advances by developing a scalable DRL benchmarking framework
using synthetic data from 200 smart homes. Our work differs from prior studies in three key aspects: (i)
the use of a large-scale, synthetic residential dataset; (ii) the implementation of a custom, high-dimensional
Gymnasium environment to capture the complexity of multi-home battery scheduling; and (iii) a compar-
ative evaluation of four state-of-the-art DRL algorithms under identical training and evaluation conditions,
providing reproducible baselines for future research.

2.1 Related Formulations and Our Model
Rule-based and heuristic schemes remain common in residential energymanagement due to simplicity,

but they lack adaptability and provide no optimality guarantees under uncertainty [38]. Optimization and
model predictive control (MPC) formulations explicitly minimize energy/cost subject to battery dynamics
(SOC) and power constraints, but they require accurate forecasts and scale poorly for large communities
and long horizons [12,13]. DRLmethods learn policies directly from interaction, handling high-dimensional
states and uncertainties; actor–critic families (A2C, SAC, TD3, PPO) are widely adopted for continuous
control in energy systems [37,42–45].
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We cast multi-home battery dispatch as an episodic MDP over a one-year horizon (T = 365 days) with
N = 200 homes. The state at day t is

st = [d1,t , . . . , dN ,t , τt] ∈ RN+1 , (1)

where di ,t ≥ 0 is home-i demand (Wh) and τt ∈ [0, 1] is the normalized day index.
The action is a continuous discharge fraction per home,

at = [a1,t , . . . , aN ,t] ∈ [0, 1]N , (2)

interpreted as a proposal to use ai ,tCbat Wh from home-i’s battery (Cbat = 5000 Wh).
The feasible discharge is clipped by demand and available energy:

ΔEi ,t = min{ai ,tCbat , di ,t}, (3)

and the grid energy drawn that day is

Egrid
t =

N
∑
i=1

(di ,t − ΔEi ,t). (4)

Because the environment (per code) fully recharges each battery daily, inter-day SOC coupling is
removed, yielding independent daily dispatch decisions.1

The reward follows your implementation:

rt = −Egrid
t , (5)

So maximizing return

T
∑
t=1

γt−1rt (6)

(we use γ ≈ 1) is equivalent to minimizing annual grid energy

T
∑
t=1

Egrid
t . (7)

The baseline and a tight theoretical bound are

Ebase =
T

∑
t=1

N
∑
i=1

di ,t , (8)

Etheory
min =

T
∑
t=1

max{
N

∑
i=1

di ,t − NCbat , 0}, (9)

and reported savings are

100 ×
⎛
⎝
1 − ∑t Egrid

t
Ebase

⎞
⎠
%. (10)

1If SOC carryover is desired, introduce Ei ,t and dynamics Ei ,t+1 = Ei ,t + ηc P ch
i ,t Δt − 1

ηd
P dis

i ,t Δt, with bounds; cf. MPC/DP formulations [33,55].
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We train PPO, A2C, SAC, and TD3 (all continuous-control actor–critic methods [42–45]) within this
environment; literature indicates these families balance stability, sample efficiency, and exploration for energy
scheduling tasks [37,38].

3 Methodology
This section details the proposed framework for scalable deep reinforcement learning (DRL)–based

battery dispatch optimization across 200 smart homes using synthetic energy consumption dataset con-
sumption data. The methodology is organized into four main components: (i) dataset acquisition and
preprocessing, (ii) custom Gymnasium environment design, (iii) DRL algorithm selection and tuning, and
(iv) experimental setup and evaluation procedure. The overall workflow is illustrated in Fig. 1.

Fig. 2 summarizes this formulation as an agent-environment loop, linking the state, action, and reward
definitions above to the data pipeline and evaluation.

Figure 2: Episodic MDP formulation of multi-home battery dispatch: agent-environment loop with state st , action
at ∈ [0, 1]200, and reward rt = −Egrid

t .

3.1 Data Acquisition and Preprocessing
The data employed in this paper consists of synthetic daily energy-consumption profiles for

200 residential units, generated by Ramadan [9] to emulate realistic household demand, including a 50-
home subset simulated using northern Saudi Arabian weather conditions. Each row represents a home, and
each column represents a day, with values expressed in watt-hours (Wh). Missing or non-numeric values are
forced to zero. The reference to calculate savings percentages is a baseline annual grid consumption (Ebase)
calculated as the sum of daily loads without battery control. The data preprocessing algorithm is formalized
in Algorithm 1 and Fig. 3a.

Algorithm 1: Data acquisition and preprocessing
Data:
• FILE_ID: Google Drive file ID for CSV of daily consumption.
• CSV_PATH: Local path to save/load the dataset.
Result:
• Cleaned matrix D ∈ RNhomes×Ndays .

(Continued)
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Algorithm 1 (continued)

• Baseline annual grid energy Ebase.
/*Step 1: Download dataset if missing */

1 if ¬exists(CSV_PATH) then
2 gdown.download(id=FILE_ID, output=CSV_PATH)
3 end
/*Step 2: Load and clean dataset */

4 D ← read_csv(CSV_PATH)
5 Coerce non-numeric entries to numeric and replace NaN with 0.0
/*Step 3: Calculate baseline demand */

6 d ← sum_rows_by_day(D)
7 Ebase ← ∑Ndays

t=1 d[t]
8 return D, d, Ebase

Data Preparation

Start

CSV exists?

Download via gdown
FILE_ID � CSV_PATH

Load CSV � 

Clean (coerce numeric,
NaN�0.0)

Aggregate daily totals:
d[t] = �_i D[i,t]

Dataset valid?

Compute baseline:
E_base = �_t d[t]

Go to Environment Setup

NO

YES

YES

NO

(a) DataPreparation

Environment Setup

Back to Data Preparation Start

Inputs: , C_bat, seed

Define spaces:
Obs ℝ^{N+1}, Act [0,1]^N

reset(): day=0, SOC_i=C_bat;
obs=[D[:,0], 0]

Clip action a(t) ∈ [0,1]^N

�E_i = min(a_i C_bat, SOC_i,
D_{i,t})

E_grid(t) = �_i max(D_{i,t} - �E_i,
0)

Reward r_t = -E_grid(t);
Recharge SOC � C_bat

Go to Training & Evaluation

(b) Environment Setup

Figure 3: Data preparation and environment setup diagrams.

3.2 Environment Design
We developed a custom OpenAI Gymnasium environment, MultiHomeBatteryEnv, was developed to

simulate the operational dynamics of distributed residential battery storage. Each home is equipped with an
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identical battery of capacity Cbat Wh.The environment’s state vector at each step includes the current demand
for all homes and the day index.The action vector specifies the proportion of battery discharge for each home,
bounded between 0 and 1. The reward is defined as the negative total grid draw for that day, incentivizing
load reduction from the grid. A full daily recharge of state-of-charge (SOC) is assumed, reflecting a regime
in which each home’s battery is sized for diurnal cycling and is replenished each day by local renewable (e.g.,
rooftop PV) generation, a common operating point for residential PV-plus-storage systems.This assumption
of decoupling consecutive days reduces the problem to a tractable, high-dimensional daily allocation task
(how to distribute discharge across 200 homes to minimize grid draw) and isolates it from multi-day
arbitrage. We adopt this assumption for three reasons: (i) it yields a clean, reproducible benchmark in which
all four algorithms are compared on the same well-posed sub-problem; (ii) it matches the daily-resolution
granularity of the available dataset, which records one demand value per home per day and thus does
not expose the intra-day charge/discharge cycles needed to identify inter-day SOC trajectories; and (iii) it
provides a conservative lower bound on achievable savings, since reintroducing inter-day storage can only
expand the feasible set and therefore cannot reduce the savings reported here. We acknowledge that this
abstraction removes inter-day coupling and seasonal storage effects that are central to some dispatch settings;
the environment retains the structure needed to relax it (Section 2.1, footnote); however, we treat full SOC
carryover as a direct extension (Section 5). The environment formulation is given in Algorithm 2, and a
schematic overview of the environment is shown in Fig. 3b.

Algorithm 2: MultiHomeBatteryEnv: multi-home battery energy environment
Data:
• D: Daily demand per home (Wh).
• Cbat: Battery capacity per home (Wh).
• seed: Random seed.
Result:
• Gym environment with states, actions, rewards for battery dispatch.
/*Initialization */

1 Set num_homes ← Nhomes, num_days ← Ndays
2 Define observation space RNhomes+1

3 Define action space [0, 1]Nhomes

/*Reset function */
4 Day ← 0; soc[i] ← Cbat for all i
5 Return initial observation [D[∶, 0], 0]

/*Step function */
6 Clip action a(t) to [0, 1]
7 ΔE ← min(a(t) ⋅ Cbat , soc, dtoday)
8 Egrid ← ∑i(di(t) − ΔEi )
9 Reward rt ← −Egrid

10 Recharge soc ← Cbat for next day
11 Return new observation, rt , done flag, and info

3.3 DRL Algorithms
Webenchmarked fourwidely usedDRL algorithms: PPO [42], A2C [43], SAC [44], andTD3 [45].These

algorithms represent a mix of on-policy and off-policy actor–critic methods with distinct exploration and
stability characteristics:
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• PPO employs a clipped surrogate objective for stable policy updates and is known for robustness in
high-variance environments.

• A2C uses synchronous policy and value updates across multiple environments, improving sample
efficiency for temporally correlated tasks.

• SAC optimizes a maximum-entropy objective, encouraging exploration and robustness to stochasticity.
• TD3 incorporates twin critics and delayed policy updates to mitigate overestimation bias in continuous

action spaces.

Each algorithm was trained using the stable_baselines3 library, with hyperparameters selected through
manual search over a small set of candidate values, guided by convergence stability and energy-savings
performance on preliminary runs (Table 1). We did not employ automated hyperparameter optimization;
a systematic search (e.g., grid search or Bayesian optimization), particularly for PPO (Section 5), is left to
future work. The full optimization loop is shown in Algorithm 3, while algorithm-specific diagrams will be
provided in Figs. 3 and 4.

Table 1: Hyperparameters for DRL algorithms.

Parameter PPO A2C SAC TD3
Learning rate 3 × 10−4 7 × 10−4 3 × 10−4 1 × 10−3

Discount factor γ 0.99 0.99 0.99 0.99
Batch size 64 64 256 256

Policy network 2 × [64] 2 × [64] 2 × [256] 2 × [256]
Train timesteps 200,000 200,000 200,000 200,000
Entropy coeff. 0.0 0.0 auto N/A

Seed 42 42 42 42

Algorithm 3: DRL-based multi-home battery energy optimization
Data:
• Env from Algorithm 2.
• A = {PPO,A2C, SAC, TD3}: DRL algorithms.
• TOTAL_TIMESTEPS: training budget per algorithm.
• Baseline annual energy Ebase from Algorithm 1.
• Cbat: battery capacity per home.
• Nhomes: number of homes.
Result:
• Best-performing algorithm a⋆.
• Annual grid energy Egrid

a⋆ and savings percentage.
• Theoretical minimum grid draw Etheory

min and maximum savings.
/*Step 1: Training each algorithm */

1 foreach a ∈ A do
2 Create log directory for a
3 Initialize Ma ← a(MlpPolicy,env,seed)
4 Train Ma with learn(TOTAL_TIMESTEPS)
5 Save Ma and training logs

(Continued)
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Algorithm 3 (continued)
6 end
/*Step 2: Evaluation of trained models */

7 foreach a ∈ A do
8 Reset eval env; set total_grid ← 0
9 while episode not done do
10 Predict action u from Ma (deterministic)
11 Step env with u to get info[“total_grid"]
12 Accumulate into total_grid
13 end
14 Egrid

a ← total_grid

15 savings%a ← (1 − Egrid
a

Ebase ) × 100
16 end

/*Step 3: Select best-performing algorithm */
17 a⋆ ← argmaxa savings%a
18 Egrid

a⋆ ← Egrid
a⋆

19 savings%a⋆ ← maxa savings%a
/*Step 4: Compute theoretical upper bound */

20 for t ← 1 to Nd a ys do
21 Etheory

t ← max (dt − Nhomes ⋅ Cbat , 0)
22 end
23 Etheory

min ← ∑t Etheory
t

24 savings%max ← (1 − E theory
min

Ebase ) × 100

25 return a⋆, E gr id
a⋆ , savings%a⋆ , Etheor y

min , savings%max

3.4 Hyperparameter Settings
Table 1 summarizes the final hyperparameter configuration for each algorithm. Values were selected

based on convergence stability, training time constraints, and energy savings performance.

3.5 Experimental Setup
The experiments were conducted on Google Colab Pro, utilizing a paid GPU instance

equipped with an NVIDIA A100 GPU. The runtime environment was configured with Python 3.10
and stable_baselines3 1.8.0. Table 2 lists the software stack.
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Training & Evaluation

Back to Environment Setup
Start

Inputs: Env, A={PPO,A2C,SAC,TD3},
E_base, C_bat, N_homes

Init log dirs; wrap env with Monitor

Train each algorithm
a�{PPO,A2C,SAC,TD3}:

M_a � a(MlpPolicy , env, seed);
M_a.learn(T OTAL_TIMESTEPS); save

Algorithm
converged?

Tune hyperparameters:
lr, �, batch, net arch,
exploration schedule

Retrain with tuned
params

Evaluate per model:
Run 1-year episode � E_grid(a)

Compute savings:
Savings%(a) = (1 -

E_grid(a)/E_base) × 100

Savings >
Target?

Select best a* = argmax
Savings%(a)

Compute theoretical bound:
E_theory(t)=max(d_t -
N_homes*C_bat, 0)

E_theory_min=�_t E_theory(t)

Reached
theoretical

bound?

Report results:
a*, E_grid(a*), Savings%(a*),

E_theory_min, Savings%_max

End

NO

YES

YES

YES

NO

NO

Figure 4: Training and evaluation of RL algorithms.
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Table 2: Technologies and libraries used.

Tool/Library Version
Python 3.10
Pandas 1.5.3
NumPy 1.24.2

Gymnasium 0.28.1
Stable Baselines3 1.8.0

Matplotlib 3.7.1
Seaborn 0.12.2

We distinguish training cost from inference cost. For deployment, inference is the key metric and is
non-limiting: dispatch is performed once per day, whereas the learnedMLP policy requires only one forward
pass, typically on the order ofmilliseconds on commodity hardware (Fig. 5).Thus, a trained policy could run
on an edge controller without GPU acceleration. Training cost varies by algorithm: A2C is the lightest, PPO
adds repeated rollout optimization, and SAC/TD3 are more expensive due to replay buffers, larger networks,
and twin-critic updates. All algorithms used the same 200,000-timestep budget on a single NVIDIA A100.
Detailed wall-clock and memory profiling was not performed and is left for future benchmarking.

Figure 5: Policy-inference latency vs. daily control cadence.

Each algorithm was trained for 200,000 timesteps using the same environment and seed for repro-
ducibility.

4 Results
This section contains the empirical analysis of the proposed multi-home battery dispatch framework

based on synthetic daily consumption profiles for 200 smart homes. Four deep reinforcement learning
algorithms, PPO, A2C, SAC, and TD3, were trained and benchmarked in the custom Gymnasium environ-
ment. Performance was measured by annual grid energy consumption and percent savings compared to a
no-control baseline, training convergence patterns, daily savings distributions, and exemplary operational
time series. This is aimed at measuring the relative effectiveness, stability, and operating behaviour of each
algorithm under realistic demand and renewable generation variability.

Table 3 summarizes the annual grid energy consumption and the corresponding percentage savings
achieved by each algorithm relative to the baseline. all DRL methods achieve substantial grid-energy
reductions, whereas PPO with default parameters barely improves upon the baseline (0.2%). The most
effective algorithm under the tested single-seed configuration is A2C, reducing annual grid consumption
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from 2.92 × 108 Wh to 1.52 × 108 Wh, a 48.2% savings. TD3 (44.3%) and SAC (43.8%) follow closely,
demonstrating that off-policy actor–critic methods are well-suited to high-dimensional continuous control.
These results corroborate findings from previous studies that DRL can learn coordinated dispatch strategies
that outperform heuristic or rule-based controllers, and that DRL control of distributed batteries can achieve
a large fraction of the theoretical optimum.

Table 3: Grid consumption and savings percentage for each algorithm.

Algorithm Grid_Wh Savings_%
A2C 1.517934 × 108 48.2
TD3 1.631083 × 108 44.3
SAC 1.647358 × 108 43.8
PPO 2.922627 × 108 0.2

Theoretical optimum (pooled, Eq. (9)) ≈ 0 (most days) → near 100

The pooled theoretical bound of Eq. (9) is loose for this dataset: the mean daily aggregate demand
(Ebase/T ≈ 8.0 × 105 Wh) is below the total installed daily battery capacity (NCbat = 1.0 × 106 Wh), so
∑i di ,t − NCbat ≤ 0 on most days, and the bound permits near complete grid-energy elimination.

Fig. 6 plots the total grid energy per episode a full year against training episodes. A2C exhibits a steady
reduction in grid consumption over the first 50–100 episodes before oscillating around a stable value; SAC
and TD3 converge quickly to their final performance within a few dozen episodes; PPO remains flat, indicat-
ing negligible learning.The ability of A2C, SAC, and TD3 to adapt to the environment contrasts sharply with
static rule-basedmethods andunderscores the capacity ofDRL to handle complex, stochastic energy systems.
The near-flat trajectories of SAC and TD3 reflect rapid convergence rather than an initialization artifact.
Both are off-policy methods that perform a gradient update at essentially every environment step using the
replay buffer; within the first 365-step episode, they therefore accumulate hundreds of updates, so most of
their learning is completed before the first per-episode point is logged. The apparent flatness is consequently
a resolution effect of the per-episode horizontal axis, not an absence of learning. That these curves settle
well below PPO’s untrained baseline (∼2.0 × 108 Wh) and evaluate deterministically to 43.8% (SAC) and
44.3% (TD3) savings confirms that the flat lines correspond to genuinely learned low-grid-energy policies.
By contrast, the on-policy A2C learns from short fresh rollouts and its improvement is visibly distributed
across the first ∼50 episodes. A finer-grained, per-timestep logging (or a logarithmic episode axis) would
resolve the early transient of the off-policy methods explicitly.

Fig. 7 visualizes the savings reported in Table 3. It shows that A2C consistently attains the highest
savings, approaching half of the baseline consumption, followed by TD3 and SAC. The poor performance of
PPO is consistent with our observation that PPO does not explore the action space effectively under default
hyperparameters in this high-dimensional setting.These comparative resultsmirror trends observed in other
energy management tasks, where actor–critic DRL algorithms such as SAC and TD3 often outperform PPO
and deterministic policy gradients.
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Figure 6: Total grid energy per episode (year) vs. training episodes for each algorithm.

Figure 7: Annual energy savings achieved by each algorithm relative to the no-control baseline.

Fig. 8 shows the distribution of daily savings for the A2C policy. Most days achieve between 44% and
52% reduction, with a mean around 48%. The relatively narrow spread indicates that the policy is robust
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across different demand profiles and seasons. Occasional outliers near 44% correspond to days with unusu-
ally high demand or limited renewable generation, where the batteries exhaust their capacity early. Such
stability is desirable for long-term smart-grid operation, as it implies predictable peak-shaving performance.

Figure 8: Distribution of daily energy savings achieved by the A2C policy.

Fig. 9 plots a 30-day segment of the baseline aggregated demand vs. the grid energy after applying the
A2C controller. The shaded region represents energy supplied by the batteries. The learned policy system-
atically discharges batteries during peak demand periods, resulting in a significant reduction of grid draw
on most days. This behaviour aligns with reported advantages of DRL in shifting energy consumption away
from high-cost periods and diversifying battery actions. By contrast, rule-based schemes often discharge too
early or too late, leading to suboptimal peak shaving.

The results demonstrate that DRL can learn effective battery dispatch strategies that significantly reduce
grid consumption and that actor–critic algorithms, particularly A2C and TD3, outperform PPO in this high-
dimensional multi-home setting. These findings support the growing consensus that DRL is a promising
approach for distributed energy management and highlight the importance of algorithm selection and
hyperparameter tuning for practical deployments.
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Figure 9: Sample 30-day window for the A2C policy: baseline demand vs. grid energy after control.

5 Discussion
The comparative results in Section 4 highlight clear performance differences among the four evaluated

DRL algorithms. Consistent with prior work in continuous control domains, the on-policy A2C and the off-
policy TD3 emerged as the most effective controllers for multi-home battery dispatch, achieving 48.2% and
44.3% annual savings, respectively. Several factorsmay explain this outcome. First, A2C’s synchronous policy
updateswithmultiple parallel environments promote stable gradient estimates andmore efficient exploration
in environments with high temporal correlations, such as daily and seasonal demand cycles [43,56]. This
aligns with observations from other energy system studies, where A2C’s ability to learn temporally consistent
policies led to superior load-shifting performance [37,57].

TD3’s strong performance can be attributed to its twin critic networks and delayed policy updates, which
mitigate overestimation bias and improve stability in high-dimensional action spaces [45]. These design
features are particularly relevant in battery scheduling tasks, where control actions are continuous and must
balance short-term grid relief with long-term state-of-charge preservation [58]. The ability of TD3 to learn
nuanced control rules without excessive variance suggests it is a promising candidate for deployment in
distributed energy resource management systems (DERMS) [59].

SAC’s performance, while slightly lower than TD3, is consistent with findings that its maximum
entropy objective can sometimes trade off deterministic exploitation for exploration [44]. This trade-off is
beneficial in highly stochastic environments, but in our case where daily load patterns are partly predictable,
the additional randomness may have led to less aggressive peak shaving compared to A2C and TD3.
Nevertheless, SAC’s 43.8% savings still represent a substantial improvement over the baseline, reaffirming
that entropy-regularised methods remain competitive in demand-side management [38,41].

PPO’s near-zero savings (0.2%) contrast with its strong performance in many continuous-control
tasks [42], and warrant careful interpretation. We emphasize that all algorithms were run under a single,
fixed configuration to enable a controlled comparison (Table 1); The reported PPO result, therefore, reflects
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a default-hyperparameter baseline rather than a tuned upper bound. Notably, A2C attains 48.2% using an
identical 2 × 256 neural-network architecture. 2× [64] policy network, which rules out raw model capacity
as the cause and points instead to PPO’s update dynamics in this specific regime. We hypothesize that, in a
200-dimensional continuous action space with a long (365-step) horizon, PPO’s clipped surrogate objective
combined with the zero entropy coefficient used here Table 1 suppresses exploration early in training,
allowing the Gaussian policy to collapse toward a near-inactive (low-discharge) solution that the clipping
range then locks in—yielding behavior close to the no-control baseline. This is consistent with reports that
PPO’s effective performance is highly sensitive to code-level and hyperparameter choices, and can degrade
sharply in high-dimensional action spaces without targeted tuning [60,61]. We stress that this explanation
is a hypothesis grounded in the literature and in the observed learning curves (Fig. 6, where PPO remains
flat) rather than a claim validated by ablation; isolating the individual contributions of clipping, entropy
regularization, rollout length, and learning rate would require a dedicated sensitivity study, whichwe identify
as a limitation of the present work.

The environment exposes a 200-dimensional continuous action space one discharge fraction per home,
which raises two questions: whether learning converges at this scale, and whether centralized control is
realistic. First, our results provide direct evidence: A2C, SAC, and TD3 all converge to stable policies
within tens of episodes (Fig. 6), indicating that actor–critic methods with factored Gaussian (A2C/SAC) or
deterministic (TD3) policies scale to this dimensionality without prohibitive sample cost. This is consistent
with these algorithms’ use in high-dimensional continuous control elsewhere, and is aided here by the
problem’s structure: because batteries recharge daily, the per-home decisions are weakly coupled (interacting
only through the shared grid-draw objective), so the effective decision complexity is far lower than the raw
200-D action space suggests. PPO’s failure to converge (0.2%) is therefore best read as an algorithm-specific
exploration issue (Section 5) rather than a fundamental barrier imposed by dimensionality, since three of
four algorithms succeed in the same space.

On the second question, we treat the single centralized agent as a modeling abstraction for establishing
achievable savings and a reproducible benchmark, not as a literal deployment proposal. A monolithic
200-output controller raises practical concerns single point of failure, communication overhead, privacy
of per-home demand, and poor elasticity as homes join or leave. Realistic large-scale deployment would
more naturally adopt a decentralized or multi-agent architecture (e.g., per-home or per-cluster agents with
parameter sharing, or a hierarchical aggregator coordinating local controllers), which preserves a low per-
agent action dimension while scaling to arbitrary community sizes [25,49]. We therefore position the
centralized formulation as an upper-reference benchmark and identify a multi-agent reformulation as the
natural route to deployment-scale and beyond-200-home settings.

The robustness of the A2C policy, demonstrated by the narrow spread in daily savings Fig. 8, is
particularly noteworthy. High day-to-day consistency is critical for grid operators, as it ensures predictable
load-shaving benefits and supports reliable integration with wholesale market bidding strategies [62].
Furthermore, the operational patterns observed in Fig. 9 confirm that DRL agents can learn context-
aware strategies charging batteries during low-cost, low-demand hours and discharging during peaks,
mirroring strategies developed in model-based optimization frameworks [63] but without requiring explicit
demand forecasting.

From a broader perspective, these findings reinforce the growing body of evidence that DRL offers a
scalable, data-driven alternative to heuristic and rule-based demand-sidemanagementmethods [64]. Unlike
fixed strategies, DRL agents can adapt to evolving grid conditions, making them suitable for future energy
systems characterised by increasing penetration of distributed renewables, electric vehicles, and flexible
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loads [65,66]. Our reproducible benchmarking framework also enables systematic comparison of algorithms
under consistent conditions, addressing the lack of standardisation noted in previous reviews [37,67].

The reward in Eq. (5) targets a single physical objective minimizing total grid energy draw and
deliberately omits monetary terms such as battery degradation, time-of-use tariffs, and demand charges.
This scoping is intentional: energy minimization is a well-defined, price-agnostic objective that isolates the
dispatch-learning problem from market and tariff assumptions, yielding a transparent and reproducible
benchmark that is not tied to a particular pricing regime or geography. It also provides a conservative
reference, since policies that minimize aggregate grid energy already perform the peak-shaving behavior
(Fig. 9) that underlies most economic benefit.

We emphasize, however, that the framework is modular with respect to the objective: the environment
dynamics (Eqs. (3) and (4)) are unchanged if the scalar reward is replaced by a weighted economic objective,
for example

rt = −
⎛
⎝

πt Egrid
t

���������������
energy/tariff cost

+λpkπpk max
τ≤t

Egrid
τ + λdeg

N
∑
i=1

cdeg∣ΔEi ,t ∣
⎞
⎠
, (11)

where πt is the (possibly time-of-use) energy price, πpk a demand charge applied to the running peak, cdeg
a per-Wh throughput degradation cost, and λpk, λdeg trade-off weights. Setting πt ≡ 1 and λpk = λdeg = 0
recovers the energy-only reward used in this study. Because these terms enter only through the reward signal
and not the state-transition logic, the same agents can be retrained against Eq. (11) without modifying the
environment. We identify this economic extension together with the calibration of degradation and tariff
parameters to a specific market as an important direction for future work.

The experimental results suggest that actor–critic DRL algorithms, particularly A2C and TD3, are well-
suited for large-scale battery dispatch in smart grids. Future research should explore hybrid approaches that
combine the stability of A2C with the precision of TD3, investigate transfer learning for faster adaptation
across different regions, and evaluate the integration of market price signals to enhance economic benefits
in addition to energy savings.

A primary limitation is the daily SOC reset, which removes inter-day coupling. Relaxing it requires
sub-daily demand and generation data to identify intra-day charge/discharge cycles; with the SOC dynamics
already specified in the footnote of Section 2.1, extending the environment to carry SOC across days—and
quantifying its impact on the reported savings is a clear next step that would also enable multi-day arbitrage
and seasonal storage strategies.

This study reports results from one fixed seed (seed = 42) to ensure exact reproducibility; therefore, the
values are treated as point estimates rather than statistically averaged results. Since evaluation is deterministic
over the fixed 365-day episode, variability arises only from training.The large performance gap betweenA2C
(48.2%) and PPO (0.2%) supports the qualitative ranking, although small differences among A2C, SAC, and
TD3 should be interpreted cautiously.Multi-seed evaluation withmean ± standard deviation is left for future
confirmatory work.

6 Conclusion
This paper presents a scalable deep reinforcement learning algorithm for optimizing distributed battery

dispatch to 200 smart homes using a realistic energy consumption dataset. To accurately reflect the
operational limits and energy flows of a multi-home environment, an OpenAI Gymnasium environment
was created. Four state-of-the-art DRL algorithms (PPO, A2C, SAC, and TD3) were trained and tested in
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the same environment, and their performance was compared in terms of annual grid energy draw and
percentage savings compared to a no-storage baseline. The experimental results showed that the A2C agent
achieved the highest savings (48.2%), followed by TD3 (44.3%), SAC (43.8%), and PPO (0.2%). These
findings demonstrate the effectiveness of off-policy and synchronous actor-critic approaches for large-scale
residential battery coordination, while also highlighting the limitations of some on-policy methods in this
area. Furthermore, the use of a repeatable benchmarking environment and datasetmakes this work a valuable
baseline for future research in DRL-based energy optimization.

Building directly on the limitations identified in this study, we propose several concrete extensions.
Firstly, we suggest relaxing the daily state of charge (SOC) reset in Section 3 by implementing the inter-
day storage dynamics mentioned in the footnote of Section 2.1. This would require sub-daily demand and
generation data and would allow for multi-day arbitrage and seasonal storage. Secondly, we recommend
replacing the energy-only reward (Eq. (5)) with the economic objective of Eq. (11), which would involve
jointly optimizing grid energy, time-of-use tariffs, demand charges, and throughput-based battery degra-
dation. Thirdly, we propose reformulating the centralized 200-dimensional controller in Section 5 as a
decentralized or hierarchicalmulti-agent systemwith per-home or per-cluster agents and parameter sharing.
This would eliminate the single point of failure and allow for scaling beyond 200 homes. Fourthly, we
suggest conducting a PPO-specific sensitivity analysis (entropy coefficient, clip range, rollout length, learning
rate) to test the exploration-collapse hypothesis proposed in Section 5 and its resulting 0.2% result. Fifthly,
we recommend performing a multi-seed statistical validation with reported mean ± standard deviation
and paired significance tests to formally confirm the algorithm ranking. Finally, we propose a controlled
computational benchmark (per-algorithm training wall-clock time, memory, and inference latency across
GPU and edge hardware) to complement the deployability analysis in the study.
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