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ABSTRACT

Electric Vehicles (EVs) offer substantial flexibility for grid services, yet large-scale, uncoordinated
charging can threaten voltage stability in distribution networks. Existing Reinforcement Learning
(RL) approaches for smart charging often disregard physical grid constraints or have degraded
performance for complex, large-scale tasks, limiting their scalability and real-world applicability. This
paper introduces a physics-informed (PI) RL algorithm that integrates a differentiable power flow
model and voltage-based reward design into the Twin Delayed Deep Deterministic Policy Gradient
(TD3) algorithm, enabling RL to better scale to a large number of EVs and deliver real-time voltage
support while meeting EV user demands. The resulting PI-TD3 algorithm achieves faster convergence,
improved sample efficiency, and reliable voltage magnitude regulation under uncertain and overloaded
conditions. Benchmarks on the IEEE 34-bus and 123-bus networks show that the proposed PI-TD3
outperforms both model-free RL and optimization-based baselines in grid constraint management,
user satisfaction, and economic metrics, even as the system scales to hundreds of EVs. These advances
enable robust, scalable, and practical EV charging strategies that enhance grid resilience and support

the operation of distribution networks.

1. Introduction

The growing penetration of electric vehicles (EVs) into
distribution networks introduces significant challenges and
opportunities for grid voltage regulation [1]. Uncoordinated
EV charging can intensify voltage violations, posing risks to
grid stability, particularly during peak demand periods [2].
Meanwhile, coordinated EV charging strategies transform
EVs into controllable distributed energy resources capable
of alleviating these issues, especially by leveraging vehicle-
to-grid (V2G) operation [3]. This dual potential highlights
the crucial role of well-managed EV charging schemes,
which can simultaneously maintain grid stability and facili-
tate the integration of renewable energy resources.

Early studies on voltage regulation via EV coordina-
tion typically employed heuristic methods [4] or stochas-
tic mathematical optimization techniques.Examples include
artificial bee colony optimization [5] and model predictive
control (MPC), which schedule EV charging by accounting
for uncertainties in renewable generation and load condi-
tions [6]. Although MPC methods leverage forecasts to
maintain voltage and frequency stability proactively, their
effectiveness is often limited by uncertainty quantification
inaccuracies [7] and computational complexity [8]. Addi-
tionally, pricing-based mechanisms have been proposed to
incentivize EV charging behaviors beneficial for voltage
support [9]. However, such approaches generally involve ex-
tensive offline computations and face scalability challenges,
particularly when managing large EV fleets in real-time
operational conditions.
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To address scalability and modeling complexity chal-
lenges, reinforcement learning (RL) methods have emerged
as effective solutions capable of real-time decision-making
even for complex optimization tasks [10]. Model-free RL
algorithms, such as Deep Q Networks, have been success-
fully applied in a two-layer framework to jointly optimize
EV charging and Volt—-VAR control [11]. Additionally,
continuous-action algorithms like Deep Deterministic Pol-
icy Gradient (DDPG) have efficiently managed EV fleet
charging while explicitly considering distribution network
voltage stability [12] and incorporating battery degradation
effects due to vehicle-to-grid (V2G) operations [13]. Safe
RL approaches integrate constraints in the training process
to enhance grid reliability and constraint satisfaction [14],
whereas model-based RL techniques leverage learned tran-
sition dynamics to improve overall decision quality [15].
Furthermore, multi-agent RL strategies enable decentralized
voltage control across network buses [16] and facilitate EV
charging optimization to extend transformer lifetime [17].
Despite the advances summarized in Table 1, RL meth-
ods remain limited by high-dimensional, constrained, and
stochastic decision spaces that degrade sample efficiency
and reliability at large-scale [18], while classic optimiza-
tion suffers from combinatorial explosion and nonconvex
network physics, limiting tractable deployment in large EV
charging systems.

Physics-informed learning methods have become promi-
nent for enhancing machine learning robustness and accu-
racy by directly embedding domain-specific physical equa-
tions and constraints into training processes [23]. For in-
stance, Physics-Informed Neural Networks (PINNs) explic-
itly embed domain-specific equations related to EV dy-
namics, such as battery state-of-charge (SoC) and power
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Table 1

Constraints

Comparison of EV charging control methods under voltage and grid constraints.

Reference  Method V2G Grid Constraints Comments Grid EV Chargers

[4] Droop control No  Phase voltage, unbalance  Cuts unbalance, 10-bus 43
reactive-only

[5] Metaheuristic Opt. No Voltage, THD Improves voltage, |EEE 33-bus 10
needs data

[6] Metaheuristic Opt. Yes Frequency, voltage Better stability, offline  5-bus 2
retuning

7 MPC Yes Frequency, voltage Predictive control, high  |IEEE 39-bus 5
complexity

[8] MPC Yes Frequency (islanded) Inertia-like  support, - 1
charging delays

[9] MPC Yes Voltage, power limits Lowers cost, needs ag-  8-bus 3
gregator/comms

[11] RL No Voltage Fast coordination,  IEEE 123-bus -
training needed

[12] RL Yes  Voltage, generator limits  Cost+voltage co- |EEE 33-bus 5
optim., tuning burden

[13] RL Yes  Voltage, transformer limit  Protects  grid/users, |EEE 33-bus 1
simplified env.

[14] Safe RL Yes Voltage constraints Explicit safety, higher IEEE 33-bus 4
complexity

[17] Multi-agent RL Yes Transformer thermal Reduces aging, com- 1-bus 64
plex training

[19] RL No Voltage magnitude Pl repr. learning IEEE 119-bus 0

[20] Physics-Informed RL ~ No Voltage control Transient voltage IEEE 9-bus 0

[21] Safe RL No Voltage control P1 exploration - 1

[22] RL Yes Power limits Graph representation - 1000

Ours Physics-Informed RL  Yes Voltage magnitude Scalable and efficient IEEE 123-bus 500

consumption [24, 25], as well as networks’ power flow equa-
tions [26], resulting in accurate supervised learning predic-
tions, even with limited training data. Recent advancements
have extended these techniques to complex spatiotemporal
prediction tasks, such as citywide EV charging demand
forecasting and dynamic pricing through physics-informed
graph learning [27]. Similarly, graph neural networks com-
bined with deep RL have leveraged physics-informed graph
attention networks to address robust voltage control chal-
lenges under partial observability [19]. Moreover, other
studies have integrated physics-based constraint layers into
RL for transient voltage control [20], distributed voltage
regulation using photovoltaic inverters [28], and enforc-
ing safety constraints in action selection [21]. However, to
the best of our knowledge, no existing approach explicitly
embeds distribution network power flow and EV battery
state-of-charge dynamics into the learning objective and
parameter updates of an RL algorithm. Instead, prior works
typically enforce physical constraints through action pro-
jections, constraint layers, or penalty-based reward shaping,
resulting in a weak coupling between grid physics and the
learning process. In contrast, for a method to be genuinely
physics-informed, the governing physical equations, such as
power flow, must be differentiable and directly integrated
into the optimization pipeline, enabling backpropagation
through the system dynamics. Approaches that incorporate

physics solely through the reward function, therefore, do not
constitute physics-informed RL (PI-RL) in a strict sense.
To overcome the scalability and efficiency shortfalls of
existing methods (see Table 1), we propose an actual PI-
RL algorithm! tailored to city-scale EV charging while sup-
porting the distribution network’s voltage magnitude limits.
Rather than imposing physics through penalties or action
filters, the proposed PI-RL embeds the power flow formula-
tion and battery SoC dynamics into the training rollouts and
reward. By embedding the power flow formulation via differ-
entiable reward signals directly into the learning process, the
algorithm obtains richer gradient information, accelerating
convergence and improving constraint satisfaction, thereby
making it more scalable to real-world EV dispatch prob-
lems. In detail, the proposed physics-informed Twin Delayed
DDPG (PI-TD3) RL algorithm achieves higher sample ef-
ficiency, faster convergence, and fewer voltage magnitude
violations in stochastic settings. Extensive experiments in
EV2Gym [29] on benchmark IEEE distribution networks
show that PI-TD3 scales to larger EV fleets while outper-
forming RL and optimization baselines, thereby enabling
credible, real-time coordination of city-scale EV charging.

IOpen-sourced code at: https://github.com/StavrosOrf/EV2Gym_
PI-TD3, and https://github.com/distributionnetworksTUDelft/EV2Gym_
PI-TD3
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The primary contributions of this work can be summarized
as follows:

o A differentiable formulation of the EV smart charging
problem with distribution network voltage magnitude
constraints is developed, in which power-flow equa-
tions and EV battery state-of-charge dynamics are ex-
plicitly modeled in a form suitable for gradient-based
optimization. In contrast to conventional model-free
RL formulations, this enables direct gradient propaga-
tion with respect to charging actions while preserving
the physical structure of the charging problem.

e The PI-TD3 algorithm is introduced by integrating
the differentiable EV charging formulation into the
RL training process through physics-aware rollouts.
Extensive experiments on IEEE 34-bus and 123-bus
distribution networks with up to hundreds of EVs
demonstrate improved voltage magnitude regulation,
faster convergence, and higher sample efficiency com-
pared to model-free RL and optimization-based base-
lines.

2. The Optimal EV Charging Problem

In this section, the optimal EV charging problem is
formalized as both a mixed-integer nonlinear programming
(MINLP) problem and a Markov decision process (MDP).
These formulations capture the objectives of smart EV
charging while limiting voltage magnitude violations.

2.1. Mathematical Programming Formulation

The optimal EV charging problem investigated in this
work is formulated on a distribution network consisting of
N buses, with the network topology described by the bus
admittance matrix Y € CN*N | as illustrated in Figure 1.
The problem is simulated over a discrete time horizon of
T steps, t € T = {1,...,T}. At each time step, the
Charge Point Operator (CPO) determines the charging and
discharging power, p7} h and pd“ for each charging station
i € 1. Charging statlons are geographlcally distributed and
grouped according to the buses to which they are connected,
indexed by n € N' = {1,...,N}. For each bus n € W,
let Z, C T denote the set of charging stations associated
with that bus. The distribution network is described by the
admittance vector Z € CV and the reduced admittance
matrix L € CVXN,

During operation, the Distribution System Operator
(DSO) provides the CPO with real-time information includ-
ing, active and reactive demands anJ and anJ, as well as

photovoltaic (PV) generation p; at every bus n € N
Although the CPO does not have access to forecasts of
future EV arrivals or network states, each EV, upon arrival
at charging station i, communicates its expected departure
time t? and desired battery capacity at departure e, an
assumption that is tested and is approved by EV users given
monetary incentives [30]. The real-time battery energy e;
for every connected EV is assumed known, as is standard in
V2G-enabled charging communication protocols [31].
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Figure 1: Overview of the proposed problem setting illustrating
an example distribution network with V2G charging stations,
PV generation, and dynamic demand. The DSO provides real-
time grid topology, demand, and PV generation data, while
the CPO coordinates the charging of hundreds of EVs based
on energy prices, respecting user constraints and enabling
distribution network voltage support.
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Within this setting, the CPO seeks to maximize profit,
satisfy user charging needs, while minimizing voltage mag-
nitude violations and enforcing battery operational con-
straints. The expression in (1) defines the optimization ob-
jective: the first term penalizes voltage deviations at each
bus, the second term accounts for net profit from charg-
ing and discharging, and the third term penalizes devia-
tions from user-specified energy requirements. Each term
is weighted (4;, 4,, and A3) to balance the priority of each
objective. Therefore, the overall EV charging optimization
problem is defined as:

min 3 mm[o 0.05 — |1 Ve, p),,
pch,pdls = e ’
+ Z [JZAZ‘ (Hfh pldtl HdlS pdls dlS) 1)
i€l
ch dis _dis * 2
+’13Z<Z s @ tvwi,.;)_ei>]
JET; s= t”
Subject to:
pEY = Z (pldt1 w; pfhf a)fh:) Vne N, VteT (2
i€,
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In the objective function (1), the decision variables pflt‘
and p?its define the charging and discharging power of each

EV, while TI" and I% designate the electricity price per
kWh. In particular, the first term for maintaining every bus’s
voltage between 0.95 and 1.05 pu, hence the 0.005 and 1
numbers in (1). Constraint (2) defines the total EV charging
and discharging power pf}' injected at bus »n and time ¢,

as the sum over all charging stations i € I,, where pf}t‘

and pd“ denote the charging and discharging power, and

ch dis

Wi}, ;) are their respective binary activation variables.

The total complex power injection s, , at each bus (3) ag-
gregates actlve load pn » PV generatlon pn ;» EV charging

power pn ;» and reactive load q - The voltage magnitude

Uy, at each bus is computed iteratively [32]: initialization
is set by (4); (5) updates the voltage using the reduced grid
admittance parameters Z and L, the total complex power s, ;,
and the previous voltage iterate; the process repeats for x
iterations, yielding the final voltage magnitude V (p", pdis)n’,
in (6). EVs’ battery dynamics are enforced by (7)-(9): e;;
denotes the battery energy of the EV parked at charger
i at time ¢, bounded by minimum and maximum values
e; and e;. The state is updated each timestep according
to charging/discharging actions (8) and initialized to e at
arrival time 77 (9). Charging and discharging power limits,
P, 5", pdS, and B, are imposed by (10) and (11). Finally,
(_i 2) ensnlres that a charger cannot charge and discharge

simultaneously.

2.2. Markov Decision Processes for EV Charging

The optimal EV charging problem can also be formu-
lated as an MDP (S, A, P, R). At each time step t € T, the
state vector s, is given by

5, = [sm(h) cos(h,), TI", p,., q,,SoC,, t*.b, |, (13)

where sin(h,) and cos(h,) represent the hour (h) of the
day as cyclical features. The net active power (pnt - D, t)

= [p14>---» PN ] and reactive power q, = [q;,, .-, qN’,]
injections ateachbusn € N, SoC, = [SoCy 4, ... SoC|l|’,]
contains the state-of-charge of each connected EV with

— > left _ left left 7 3
SoC;, = e, /e, t° = (s tlllt] is the vector of

remaining time to departure for each EV with
b, = [by, ..., by ] specifies the bus index to Wthh each
charger is connected, and Hfh is the current electricity price.

The action vector at each time stepisa, = [a; ,, ..., am‘,]T
€ [-1,1]'F]] where a;, is the normalized charging action
(a;, > 0) or discharging (a;, < 0) for EV i, with a;, = 0
denoting no action. The transition function P determines the
evolution of the system based on the chosen actions, grid
power flow, and other unknown system dynamics, such as
EV arrivals, PV generation, and load profiles.

The reward function R(-) is designed to closely mirror
the objective of the mathematical programming formulation
in (1), balancing voltage magnitude regulation, energy costs,
and user satisfaction. Specifically, the reward r, is defined as
the outcome of the reward function:

tleft _ td

R(s;,a) = A; ), min{0, 0.05—1-¥,,0)}
neN
+Z[/12At Hch ch Hdlb dlb) +/13 q/”]

iel

(14)

where the first term penalizes voltage magnitude violations
at each bus. Note that the voltage magnitude at bus » and step
t is described by (2)-(6), and ultimately V,, ,(a,) is a function
of charging actions. The second term represents the net
revenue from charging and discharging activities based on
electricity prices Hfh and Hfis, and y; ; is a user satisfaction
term that incentivizes each EV to maintain a minimum SoC
as it approaches its departure time. Unlike the third term
in the original mathematical programming objective (1),
which is sparse and penalizes the energy shortfall only at the
departure time, the RL reward uses a denser shaping signal.
Specifically, it encourages the EV to begin charging as the
departure time approaches, rather than waiting until the final
step. In this way, the reward provides more informative
feedback during training (while keeping the same optimal
objective) by reflecting whether the current SoC is adequate
relative to the remaining time before departure. The reward

term is defined as:
w;, = max {0, SoC* - SoC,, } - I[1%" < el,  (15)

where SoC; , is the current state-of-charge of EV i at time f,
SoC* is a target minimum SoC (e.g., 90%), ¢ is a threshold
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defining the proximity to departure, and [[-] is the indicator
function. The ;, term penalizes the agent if any EV ap-
proaches departure with insufficient SoC, thereby encourag-
ing timely charging to meet user expectations by the time
of departure, while also providing a dense training signal.
Here, as in the expression (1), the coefficients 4, 4,, and A5
are chosen to match the weighting of the respective terms in
the original MINLP formulation. This consistency ensures
that the physics-informed RL agent optimizes towards the
same operational goals as the mathematical programming
approach.

2.3. RL for EV Charging

RL can solve sequential decision-making problems ex-
pressed as MDPs, such as the EV charging problem de-
scribed above, by learning a policy z that maps the observed
state of the system to charging or discharging actions [10].
The agent’s objective is to maximize the expected cumula-
tive reward, mathematically expressed as:

J(r) =E, lZ y’r,] , (16)

t=0

where r, denotes the reward at time ¢, y is a discount factor,
and the expectation is taken over the stochastic evolution
of the environment under the policy z. Furthermore, the
state-action value function, or Q-function, is central to RL
representing the expected cumulative reward obtained by
taking action a, in state s, and subsequently following a pol-
icy z. The Q-function is recursively defined by the Bellman
equation:

O 8) =1, +7 By pis.an [QGe 76, (17)

where r; denotes the immediate reward, and P(s;,ls;,a;)
is the transition probability between states. This recursive
relationship links current and future value estimates, allow-
ing RL algorithms to iteratively improve their policies using
only sampled transitions and rewards. As a result, near-
optimal charging strategies can be learned even when the
underlying system dynamics are partially known.

3. Physics-Informed RL for EV Charging

Unlike the standard MDP formulation presented above,
which disregards distribution network constraints, the pro-
posed framework leverages a differentiable power-flow for-
mulation to enable grid-aware, more scalable policy learning
through model-based rollouts and gradient-based optimiza-
tion.

3.1. From Model-Free to Physics-Informed RL

In classic model-free RL, the environment is treated as
a black box, and state transitions are learned solely from
sampled experience. In contrast, PI-RL leverages known,
differentiable components of the system (physics), such as
the SoC update for each EV. This allows for more accurate
and efficient learning by directly modeling the underlying

EV battery dynamics. To ensure that EV battery constraints
(7) and (8) are satisfied at every step, the SoC transition up-
date is implemented as a piecewise, differentiable function:

1, if x; 41 > 1
S0C; 141 =180C,, ifx;.4; < SoC, (18)
X; 41> Otherwise
Ata;;p;; .
where x;,.; = SoC;; + ————, q;; is the charg-

e.
ing/discharging action and SoC, islthe minimum SoC while
doing V2G discharging. For clarity of presentation, the
charging efficiency factor has been excluded from (18);
nevertheless, it can be incorporated in a straightforward
manner without necessitating any modification to the algo-
rithm. Thus, (18) accurately and completely describes the
EV battery transition given any charging action.

Some aspects of the transition are unknown or stochastic
and are independent of the actions taken, e.g., future de-
mand at each bus, electricity price signals, and the arrival
and departure of new EVs. These elements are difficult
to model or forecast, but can be sampled from histori-
cal data. In practice during the training phase, these un-
known exogenous variables are sampled from a replay buffer
D, which stores past system trajectories, so that model-
based rollouts are grounded in realistic scenarios. There-
fore, as shown in Figure 2, the state s, = {x{ u} is
defined as the combination of action-dependent variables
x = {SoC,}, and the action-independent variables u =
{sin(h,), cos(h,), Hfh, P, q;, t}ef‘, b,}.

The reward function R(s,a) for this problem is fully
known and differentiable, as defined in (14). All variables
required for its computation, such as voltage magnitudes,
charging and discharging power, electricity prices, and user
satisfaction terms, are either included in the state, sampled
as exogenous variables, or, in the case of network parameters
like the grid admittance matrix, remain constant and are
hardcoded throughout the simulations. As a result, for any
given state-action pair, the reward can be deterministically
computed.

With the transition function T'(s, a) fully specified, using
sampled exogenous trajectories from D for the unknown
variables, any state in a trajectory can be recursively com-
puted as s,,; = T(s,,a,;). Also, given the deterministic
reward function R(s,a), it becomes possible to efficiently
simulate future trajectories and compute the corresponding
rewards for any sequence of actions. Using this approach, the
Bellman equation can be rolled out over K steps as a K-step
expansion:

O(s,a;) = R(sp,a) +yR(Sqp.a4) + -

K-1 K
+y R(spx_1s8k—1) + 77 O(Siy k- Ay k)s

19)

where s, = T(s;,a,) and a,,| = 7my(s,,) is the output of
the actor policy neural network = with parameters 6.
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Figure 2: The policy network r, generates actions that, together with the known environment dynamics (e.g., SoC and voltage
updates) and sampled exogenous variables (e.g., loads, prices, and EV arrivals), are used to simulate K-step rollouts through the
differentiable transition T'(s,a) and reward R(s,a) functions. This enables direct gradient propagation from cumulative rewards

back through the rollout.

Since both R(s,a) and T'(s,a) are known for the sam-
pled trajectories, the actor network 7, can be optimized by
directly backpropagating gradients through these simulated
rollouts. The policy gradient update can thus be computed
as:

K-1

VoJ(0) # E, .p l Z YJVGR(SHj’ 7[0(St+j))
j=0

+ 1KV, (511x 759(5¢+K))] : 20)

where 7 denotes a trajectory segment sampled from the re-
play buffer. During training, length- K trajectories {w,.,, g_1 }
are sampled from the replay buffer D and treated as fixed
within each rollout, so that the trajectory evolves determinis-
tically under the known, (piecewise) differentiable transition
and reward models. This rollout process, together with the
calculation of the total cumulative objective, is illustrated in
Figure 2. For example, a three-step trajectory of exogenous
variables 7 {u;,u,1,u,,,} is sampled from D and
held fixed. The policy =, then outputs {a,,a,, |,a,,,}, the
states evolve via s, ;| = T(S;;,a,,;;u,,;), rewards are
computed deterministically, and gradients flow only through
(my, T, R) with no backpropagation through the sampled
7, which is treated as constants during the rollout. This
approach provides direct and informative gradient feedback
based on the “physics” of the system described by R(s, a)
and T'(s, a), thereby enabling the policy to directly learn how
charging decisions influence grid voltages, SoC evolution,
and long-term operational rewards.

3.2. Physics-Informed TD3 for EV Charging

The proposed physics-informed formulation for EV
charging can be integrated with a range of RL algorithms
for continuous control [33], such as Soft Actor Critic (SAC)
and DDPG. However, TD3 [34] was selected as the back-
bone due to its superior performance in the EV charg-
ing setting [22], where long horizons, continuous actions,
and voltage magnitude violation penalties pose particular

Algorithm 1 Physics-Informed TD3

1: Initialize critics Q¢1 R Q¢2 and actor 7, with parameters
b1, ¢y, 0
2: Initialize target networks: qS’l « ¢, qb; — ¢, 0 <0
3: fort=1toT do
: Select action with exploration noise: a; ~ 7,(s,)+e€,
e ~N(,0)
5: Execute a, in environment, observe reward r, and
next state s,
Store (s;, a,, 7;,S,,1) in replay buffer D
Sample mini-batch 7,7 = of length-K trajectories
from D, 7; = (Sq ;> Q¢ ;> F0,i> -+ » SK.i» BK i> T K i)
ay; « mp(syy) +e, € < clipN(0,0), —c,c)

9:

Yi < ro;+ymine; 5 Oy (o, ;)
10: Update critics by minimizing, for j € 1,2:
2
11: ¢; < argmin ¢, Zile Vi — Q(bj(so’,-,ao’,-))
12: Update actor using V,J(6) from (20)
13: Update target networks:
14; ¢;<—T¢j+(1—1)¢;,;jel,2
15: 0 10+ -1)8
16: end for

challenges. The proposed PI-TD3 algorithm is described in
Algorithm 1. At the start of each epoch, new transitions are
collected by executing the current policy with exploration
noise (lines 4-6). During each training iteration, a mini-
batch of K-step trajectories {7;} ,~B= | is sampled from the
replay buffer D (line 7). The twin critics Qy, and Q, are
updated using target values computed from the replayed
transitions (lines 8—10), minimizing mean-squared error.
The actor network m, is then updated (line 11) with the
policy gradient derived from the multi-step rollout objective
defined in (20), where gradients flow through the differ-
entiable transition and reward models. Target networks are
softly updated to ensure training stability (line 12).
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This physics-informed formulation enables the proposed
PI-TD3 algorithm to scale to hundreds of EVs while re-
maining closely tied to the underlying grid physics. In con-
trast to existing related studies that typically incorporate
physics through penalty terms, action filtering, or constraint-
enforcement layers, the proposed method directly embeds
differentiable power-flow equations (2)-(6) and EV battery
dynamics into the training rollouts and reward function (14).
As aresult, the policy can exploit richer gradient information
on how charging actions affect both network voltages and
EV SoC evolution, thereby accelerating convergence and
improving constraint satisfaction. In addition, model-based
rollouts increase sample efficiency by reducing reliance on
costly interactions with the environment. Unlike classical
optimization methods, which become increasingly difficult
to solve as the number of EV decision variables grows, the
proposed approach leverages neural policies together with
differentiable physical models, leading to a more tractable
learning process for large fleets. Therefore, compared with
existing physics-guided and conventional RL approaches,
the proposed PI-TD3 algorithm achieves more stable and
scalable learning, making it suitable for real-world deploy-
ment in large urban charging networks.

4. Experimental Results

In this section, the performance of the proposed PI-
TD3 algorithm is systematically evaluated. Average results
across multiple scenarios are reported, and additional ab-
lation experiments are conducted to isolate the impact of
key components of the proposed method. Detailed analyses
of representative case studies are provided, generalization
under different grid loading conditions is examined, and
scalability is further demonstrated on a substantially larger
test system.

4.1. Experimental Setup

To assess the effectiveness of the proposed PI-TD3 al-
gorithm, experiments were conducted on a modified IEEE
34-bus distribution network, with each bus hosting 4-5
V2G-enabled charging stations for a total of 150 charging
points. EV arrivals and departures followed realistic daily
and weekly patterns derived from the ElaadNL dataset. All
scenario generation was performed using the EV2Gym sim-
ulator [29], which models EV fleet behavior, grid topology,
and user sessions with high fidelity, and was enhanced with
the RL-ADN [35] power flow module for fast, accurate volt-
age magnitude calculations. The simulator included detailed
EV parameters based on field data, such as battery capac-
ity, charging rates, and efficiency. The following weights
(A4 = =5x10% A, = 1, 43 = —10) were used in the
problem formulation (1) to reflect the practical priority of
the three objectives and to place them on a comparable
optimization scale. In particular, 1, was assigned the largest
magnitude because the first term is associated with voltage
magnitude violations, which are operationally critical and
must be penalized much more strongly than the economic

objective or the EV charging-completion objective. By con-
trast, 4, and A; were selected to balance charging costs and
user service quality, while ensuring safe network operation.
Each scenario consisted of 300 steps, each representing
15 minutes of simulated time. In every step, the operator
had to determine in real-time the charging action for all
EVs. Following standard operation and safety procedures,
a voltage limit of lower limit 0.95 and higher limit 1.05
was selected. This setup ensures a realistic benchmarking
environment for RL algorithms under operational scenarios
representative of real-world distribution networks.

All RL experiments were conducted on the DelftBlue
high-performance computing cluster [36]. Each RL algo-
rithm was trained independently until convergence, with
training durations ranging from 5 to 10 hours for simpler
scenarios, and up to 48 hours for larger grids. To ensure a
fair comparison, the default hyperparameter settings recom-
mended in the literature for each baseline [37] were used,
including learning rates, discount factors, batch sizes, and
exploration noise levels. Training data are generated through
interaction with EV2Gym, while communication delays and
interruptions are important practical issues left for future
work. All models were implemented in PyTorch and trained
using the Adam or AdamW optimizer. Performance was
averaged across multiple random seeds to assess statistical
robustness, and convergence was monitored by tracking
moving averages of episode returns.

4.2. Baseline Methods & Evaluation Metrics

To benchmark the performance of the proposed PI-TD3
algorithm, several representative baselines and state-of-the-
art algorithms for EV smart charging were selected. These
include: (i) Charge as Fast as Possible (CAFAP), a simple
heuristic in which each EV is charged at maximum rate
immediately upon connection [29]; (ii) a no-charging refer-
ence (No Charging); (iii) three widely used model-free RL
algorithms, Soft Actor Critic (SAC), Proximal Policy Opti-
mization (PPO), and standard TD3 [37]; and (iv) an MPC
method that assumes perfect knowledge of future system
states and EV demands [38]. While the MPC is not feasible
in practical deployments (since it assumes perfect future
information), it provides a useful upper bound on achievable
performance under ideal information. All the RL algorithms
used the same state and reward formulations to have a fair
comparison with the proposed PI-TD3. Note that, to the best
of our knowledge, no existing PI-RL algorithm for EV smart
charging explicitly integrates differentiable power-flow and
battery dynamics into the policy optimization process. As a
result, direct comparisons with alternative differentiable PI-
RL baselines are not possible, and the evaluation necessar-
ily focuses on representative model-free RL, optimization-
based, and heuristic approaches.

All algorithms were evaluated in a deliberately over-
loaded network scenario, where the distribution grid oper-
ates under high load conditions and dense EV integration.
This scenario was designed to rigorously test the robustness
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Table 2
Average performance of the best trained models over 50 evaluation scenarios on the IEEE 34-bus network with 150 EV chargers.
Algorithm Costs User Total V.V. Total V.V.  Voltage Violation = Tot. Energy  Tot. Energy  Step time
€] Satisfaction [%] per bus [-] per step [-] [p-u] Ch. [MWh] Dis. [MWh]  [sec/step]
CAFAP —2545 £1581 100.0 £0.0 169.5 £157.1  36.5 +£29.4 —0.790 +0.991 12.6 +£0.6 0.00 +0.00 0.003
No Charging 0 +0 52.1 £1.4 106.6 £123.0 24.5 +25.1 —0.430 +0.655 0.0 +£0.0 0.00 +0.00 0.002
SAC —291 £189 57.7 £1.3 111.7 £125.7  25.6 £25.5 —0.458 +0.679 20.3 +£0.9 18.87 +£0.92 0.017
PPO —905 £583 69.4 £1.1 1214 £132.4  27.7 £26.6 —0.505 +0.737 6.4 +04 1.80 £0.17 0.007
TD3 —1900 £1267 90.2 +4.5 127.8 £134.4  30.0 +£27.5 —0.482 +0.692 12.6 +£0.6 2.58 +1.06 0.009
PI-TD3 (Ours) —2025 +1314 95.6 +£3.6 104.2 £126.4 25.3 +£27.4 —0.364 +0.586 14.3 0.7 2.86 +1.04 0.010
MPC —1640 £1203 99.9 +0.6 98.7 £125.3 243 £27.8 —0.321 +0.545 26.0 £2.0 13.46 +£1.97 -

of each method, as voltage magnitude violations may oc-
cur even in the absence of active charging (No Charging
baseline). The resulting environment poses a challenging
benchmark for coordinating large-scale EV charging while
maintaining voltage stability.

Evaluation metrics were selected to reflect the multi-
objective nature of the optimization problem in (1). These
include total charging cost, average user satisfaction (quan-
tified as the ratio of SoC at departure to target SoC for
each EV), and three distinct voltage magnitude violation
metrics: total voltage magnitude violations per bus over the
evaluation, the number of steps with at least one voltage
magnitude violation (Total V.V. per step), and the aggregate
absolute per-unit voltage magnitude violations across all
buses. Additionally, to further characterize the performance
of each approach, total energy charged and discharged by
the EV fleet and the average execution time per step were
recorded.

4.3. Comparison with Baseline Algorithms

Table 2 summarizes the average performance and stan-
dard deviation of all algorithms in 50 scenarios. Notably,
the proposed PI-TD3 algorithm achieves a favorable balance
among all operational objectives (costs, user satisfaction,
and voltage violations). PI-TD3 delivers 14.3 MWh of total
energy to the EV fleet, with a user satisfaction rate of 95.6%,
ensuring nearly all charging requirements are met. This
satisfaction level is within 4% of the MPC (which achieves
99.9%) but outperforms all other RL baselines by at least 5%
(TD3:90.2%, PPO: 69.4%, SAC: 57.7%). In terms of voltage
regulation, PI-TD3 reduces the total number of voltage vio-
lations per bus to 104.2, which is a 20% improvement over
TD3 (127.8), and 15% lower than PPO (121.4). Compared
to the MPC, PI-TD3’s voltage violation is only 6% higher,
indicating near-optimal grid support even without perfect
future knowledge. For total voltage violations per step, PI-
TD3 achieves 25.3 violations, 15% lower than TD3 (30.0),
and only 4% higher than MPC (24.3). The average absolute
per-unit voltage magnitude violation is also 15% lower for
PI-TD3 compared to TD3.

PI-TD3 also maintains competitive charging cost per-
formance, with total costs 19% lower than TD3 and only
23% below MPC. Although CAFAP minimizes user dis-
satisfaction (charging everyone at full speed), it results in

=O= SAC == PI-TD3 (K=40)
== TD3 ==t PPO
T T T T T T T T T
0 50 100 150 200 250 300 350 400

Training Epochs

(a) Convergence curves for PI-TD3 and model-free RL algorithms.
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(b) Effect of rollout horizon K on PI-TD3 training, highlighting the exis-
tence of an optimal range for K that balances stability and learning speed.

Figure 3: Evaluation reward performance comparison during
training averaged over five random seeds.

the worst voltage magnitude violations (over 50% higher
than PI-TD3) and higher costs. Classic RL methods (SAC,
PPO) either sacrifice user satisfaction or grid reliability, as
reflected in their lower performance across at least one key
metric. Meanwhile, the proposed PI-TD3 can be executed in
real-time, requiring only an average 10 ms per step, while
an equivalent MPC-based method would take a few minutes
to generate an optimal solution given the scale and the com-
plexity of this MINLP. Overall, PI-TD3 is the only method
that closely matches the MPC in all three objectives (user
satisfaction, voltage magnitude regulation, and operational
cost), demonstrating the advantage of embedding physical
knowledge into the RL training process for large-scale, grid-
aware EV charging.
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Figure 4: Impact of EV charging algorithm on the bus voltage
magnitude and in EV charging. Bus 22 is demonstrated here
as a node where applying the proposed algorithm effectively
mitigates voltage limit violations.

4.4. Sample Efficiency and Convergence Analysis

To evaluate the training efficiency and learning dynam-
ics of PI-TD3, convergence curves and rollout ablation re-
sults are compared against state-of-the-art model-free RL
baselines. Figure 3a compares the convergence behavior
of PI-TD3 and model-free RL algorithms. PI-TD3 rapidly
achieves a maximum reward above —0.3x 107 within the first
75 epochs, whereas model-free TD3 plateaus near —0.5 X
103, and PPO and SAC remain below —0.8 x 10° throughout
training. The incorporation of physical knowledge enables
PI-TD3 to reach stable, near-optimal policies approximately
four times faster than TD3 and with considerably reduced
variance across training runs. This proves a marked im-
provement in sample efficiency and robustness, making PI-
TD3 substantially more suitable for large-scale EV charging
control where rapid and reliable learning is critical.

The impact of the rollout horizon K on the performance
of PI-TD3 is investigated in Figure 3b. As K increases, the

learning curve improves: PI-TD3 with K = 5 exhibits no-
ticeably lower final rewards and slower convergence, demon-
strating that short rollouts do not provide sufficient gradient
information to fully leverage the physics-based environment.
Increasing K to 10 and then 20 leads to substantial improve-
ments, both in terms of the speed of convergence and the
final achieved reward. Notably, the gap between K = 20
and K = 40 becomes minimal, with both configurations
converging to a similar reward level close to —0.2 x 10°.
This plateau indicates that, beyond a certain point, further
increasing the rollout horizon offers diminishing returns, as
the policy already benefits from sufficiently long, informa-
tive trajectories. Moreover, using extremely large K may
introduce practical drawbacks, such as higher computational
cost and increased risk of accumulating modeling errors or
numerical instability over long rollouts. Therefore, careful
selection of the rollout horizon is crucial for achieving opti-
mal trade-offs between gradient quality, learning efficiency,
and computational tractability in PI-RL.

4.5. Node-Level and System Voltage Analysis

To provide a detailed view of how each algorithm oper-
ates in a realistic scenario, Figure 4 examines the voltage and
charging profiles at bus 22 over a representative evaluation
day. As shown in Figure 4a, the proposed PI-TD3 algorithm
substantially reduces both the frequency and severity of
voltage limit violations at this critical bus. In particular, PI-
TD3 maintains the voltage magnitude above the 0.95 p.u.
threshold, compared to TD3 and CAFAP baselines that fail
to do so. Figure 4b presents the total active power drawn at
bus 22. While all algorithms yield similar aggregate profiles,
PI-TD3 selectively modulates the charging load, especially
during periods of heightened grid stress, to mitigate voltage
violations. This dynamic response highlights the PI-TD3’s
algorithm’s ability to maintain high charging throughput
without sacrificing grid stability. The charging schedules of
individual EVs, as depicted in Figure 4c, demonstrate the
diverse and adaptive strategies enabled by PI-TD3. The SoC
trajectories reveal that, unlike heuristic or purely model-free
baselines, PI-TD3 achieves 100% user satisfaction at bus 22,
ensuring all EVs depart fully charged even under congested
conditions.

System-wide results are summarized in Figure 5. Here,
the voltage magnitude distributions across all 33 buses (ex-
cluding the reference bus) show that PI-TD3 achieves similar
median voltages and violation rates as the MPC, despite
lacking access to future information. Specifically, PI-TD3
outperforms TD3 by reducing the average per-bus voltage
magnitude violations by a noticeable margin, and narrows
the gap with the MPC lower bound. However, some violation
events persist across all algorithms due to the intentionally
overloaded grid design, underscoring the challenging nature
of the test scenario. Overall, these results confirm that PI-
TD3 delivers robust, grid-compliant EV charging, achieving
an advantageous trade-off between energy delivery, cost
savings, and voltage magnitude regulation when compared
to state-of-the-art RL and heuristic baselines.
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Figure 6: Generalization and robustness of charging algorithms
to varying grid loading. Each radar plot shows performance:
(a) total reward, (b) voltage violation steps, (c) average user
satisfaction, and (d) total profits, for load multipliers from
0.5% to 1.5x on the |IEEE 34-bus network. The PI-TD3 agent
was trained on the reference scenario and evaluated out-of-
distribution, demonstrating adaptability.

4.6. Generalization to Unseen Load Profiles

To assess the robustness of the proposed PI-TD3 algo-
rithm, a generalization study was conducted using modified
IEEE 34-bus networks with load scaling factors from 0.5x
up to 1.25x nominal demand. The PI-TD3 and classic TD3
agents were exclusively trained on the nominal grid (1.0x
load) and evaluated directly on all other load scenarios,
providing an out-of-distribution generalization benchmark.

Figure 6 summarizes the performance across four key
metrics. As shown in Figure 6a, PI-TD3 maintains top per-
formance in total reward, with values nearly indistinguish-
able from the MPC in all but the most extreme loads. For
grid reliability (Figure 6b), PI-TD3 reduces the number of
time steps with voltage magnitude violations compared to
standard TD3, particularly as the network becomes more
stressed. In terms of user experience, Figure 6¢ shows that
PI-TD3 keeps average user satisfaction above 90% across
the entire range, a level matched only by MPC and CAFAP,
and exceeding the TD3 baseline by 5-15% as load increases.
Regarding total profits (Figure 6d), PI-TD3 is more cost-
efficient than the simple baselines. However, PI-TD3 is also
very close to the MPC when evaluated on cases with higher
loads than the one it was trained on.

Notably, PI-TD3 attains these results without retraining
or fine-tuning on the new conditions, highlighting its ability
to generalize robustly to previously unseen load profiles. By
leveraging physical knowledge and differentiable rollouts,
PI-TD3 learns policies that remain grid-compliant and eco-
nomically efficient under a wide spectrum of practical oper-
ating conditions, outperforming all model-free and heuristic
alternatives in these challenging out-of-distribution tests.

4.7. Case Study of a Larger Grid with 500 EVs

To further evaluate the scalability and robustness of the
proposed PI-TD3 algorithm, experiments were conducted on
the IEEE 123-bus network with 500 distributed EV charg-
ing points, a significant increase in both network and EV
fleet size. For each algorithm, 50 independent experimental
scenarios were randomly selected. In Figure 7, the first two
rows display violin plots, where each dot represents the
outcome of a single scenario, thereby visualizing both the
overall result distribution and the deviation across trials.
These plots reveal that PI-TD3 and the MPC consistently
achieve the highest user satisfaction, and the most favor-
able profits, while classic RL algorithms and heuristics
exhibit less diverse performances. The final row of Figure 7,
presents box plots summarizing the total voltage magnitude
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Figure 7: Performance comparison of charging algorithms on
the IEEE 123-bus network with 500 EVs. Metrics shown
include energy charged/discharged, user satisfaction, profits,
total voltage violations, and total reward. PI-TD3 matches or
surpasses the MPC in most metrics and maintains robust grid
operation at scale.

violations (p.u.) and total rewards. Here, PI-TD3 matches or
slightly outperforms MPC in both metrics, achieving median
total voltage magnitude violations below 30 and maintaining
a consistently higher total reward than all other methods.
Notice that the MPC algorithm fails to achieve satisfactory
results due to the non-convexity and scale of the problem,
even when knowing the future (oracle). The box plots show
that the distribution of voltage magnitude violations and
rewards for PI-TD3 is notably narrower, indicating reliability
and stability in grid operation at this scale. Overall, these
results demonstrate that PI-TD3 not only achieves strong
average performance but also maintains low variability and
robust grid support even as the problem size and complexity
are greatly increased.

5. Conclusion

This work introduced PI-TD3, a PI-RL algorithm for
large-scale EV smart charging supporting the voltage magni-
tude of the distribution network. By directly integrating dif-
ferentiable power-flow equations and EV battery dynamics
into the RL training process, the proposed approach provides
richer learning signals than conventional model-free RL.
On the IEEE 34-bus system with 150 EV chargers, PI-TD3
achieved 95.6% user satisfaction, compared with 90.2% for
TD3, 69.4% for PPO, and 57.7% for SAC, while remaining
close to the MPC benchmark at 99.9%. At the same time,
PI-TD3 reduced total voltage violations per bus to 104.2,
corresponding to a 20% improvement over TD3 (127.8) and
remaining only 6% above MPC (98.7). In addition, total
voltage violations per step were reduced to 25.3, compared

with 30.0 for TD3, and the average execution time remained
suitable for real-time control at about 10 ms per step.

The proposed method also generalized well under differ-
ent loading conditions and remained effective when scaled to
the IEEE 123-bus system with 500 EV chargers, showing its
potential for large-scale deployment in real distribution net-
works. Overall, these results indicate that physics-informed
RL is a promising approach for real-time coordination of
EV charging in complex power systems. At the same time,
practical aspects such as communication disturbances and
data privacy remain important topics for future research
and should be further investigated to support real-world
implementation.
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