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Learning Using the Soft Actor—Critic Algorithm
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Three-phase induction motor drives are widely adopted in industrial systems, typically
relying on field-oriented control (FOC) combined with proportional—integral (PI)
regulators. Despite their simplicity, these controllers often exhibit degraded performance
under parameter uncertainties, nonlinear effects, and load disturbances. In this study, a
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data-driven control strategy based on deep reinforcement learning (DRL) is proposed,
where the Soft Actor—Critic (SAC) algorithm is employed to replace conventional PI
regulators in the inner current loops. By incorporating entropy regularization, the SAC
agent is capable of achieving a balance between exploration and exploitation, thereby
improving robustness and adaptability. The effectiveness of the proposed method is
validated through MATLAB/Simulink simulations under various operating conditions.
The results indicate that the SAC-based controller ensures stable operation and maintains
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high tracking accuracy even in the presence of significant parameter variations.

1. INTRODUCTION

Three-phase induction motors continue to play a pivotal role
in modern industrial drive systems due to their simple structure,
high reliability, low investment and maintenance costs, and
stable operation over a wide power range [1, 2]. In the context
of Industry 4.0, induction motors remain widely employed in
applications such as pumps, fans, conveyors, industrial robots,
and automated manufacturing systems, where continuous
operation and high durability are required [3]. Among these
approaches, field-oriented control (FOC) enables independent
regulation of torque and flux, leading to improved dynamic
behavior and higher precision [4, 5]. Owing to these
advantages, FOC has become a standard control structure in
many modern industrial electric drives [6].

In conventional implementations, Pl controllers are widely
used in both current and speed loops because of their simple
structure and ease of tuning [7]. However, these PI controllers
are typically designed based on linearized models under the
assumption of constant motor parameters. In practice,
parameters such as stator resistance, rotor resistance, and
inductances can vary significantly due to temperature effects,
magnetic saturation, and aging, leading to performance
degradation and steady-state errors under load disturbances or
parameter uncertainties [8, 9].

To overcome these limitations, various nonlinear and
adaptive control strategies have been introduced, including
sliding mode control, backstepping, and artificial intelligence—
based control approaches [10-12]. Although these methods
achieve certain performance improvements, most of them still
require relatively accurate mathematical models of the plant,
which poses challenges for practical implementation in
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industrial drive systems with continuously varying operating
conditions [13].

Recently, deep reinforcement learning (DRL) has emerged
as a promising alternative for control design. By learning
directly from system interactions, DRL eliminates the need for
an explicit model and demonstrates strong capability in
handling nonlinear and uncertain systems [14, 15]. The ability
of DRL to manage nonlinear dynamics has led to its growing
adoption in electric drive control as well as power electronics
applications [16].

Among state-of-the-art DRL algorithms, Soft Actor—Critic
(SAC) has been highly regarded due to its entropy-regularized
objective, which jointly optimizes the expected reward and
policy entropy, effectively balancing exploration and
exploitation during learning [17]. This mechanism allows
SAC to generate flexible and robust control policies that are
less sensitive to noise and parameter variations [18]. Recent
studies have shown that SAC outperforms the DDPG
algorithm, particularly in environments with strong
uncertainties and disturbances [19, 20].

Motivated by the aforementioned analysis, this study
proposes integrating the SAC algorithm into the FOC structure
with the aim of improving system adaptability and robustness
against parameter uncertainties and load disturbances.

2. THEORETICAL BACKGROUND OF THE SOFT
ACTOR-CRITIC ALGORITHM
2.1 Entropy-regularized objective of Soft Actor—Critic

Unlike conventional reinforcement learning (RL) methods
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that maximize only the expected return, the SAC algorithm
adopts an entropy-regularized objective, which augments the
reward with a policy entropy term [17]:

J(m) = Exq 1)

z Ve (r(st' ay) + 0(7'[(1'[( | s¢ )))

where, the entropy term H(m(-|s;)) quantifies the
randomness of the policy and is given by
—Eq,n[logm (a, | s¢)]. The coefficient o > 0 controls how
much exploration is encouraged relative to the objective of
maximizing cumulative reward.

The entropy maximization mechanism encourages
stochasticity in the learned policy, leading to improved
robustness and stability in uncertain and noisy environments.

Within the SAC algorithm, value functions incorporate
entropy and are therefore referred to as “soft” value functions.
Specifically, the soft Q-function is defined by:

Q"(sppap) =7(sp, a) + YEst+ﬂ~1P[Vﬂ(St+1)] 3

While the associated soft state—value function is given as:

VT(se) = Eat~n[Qn(St' a,) —alogm (a; | s;)] (3

These definitions lead to the soft Bellman equations, which
serve as the theoretical foundation for updating the critic
networks in the SAC approach.

2.2 Architecture of the Actor—Critic model in Soft Actor—
Critic

The SAC algorithm employs an Actor—Critic architecture
consisting of: A stochastic policy network (Actor) mg(a | s),
parameterized by 8; Two independent action—value networks
(Critics) Qg,(s,a) and Qg,(s,a) ; Corresponding target
networks Qq! and Qq, [16].

The use of double critics mitigates overestimation bias
during value function approximation.

2.2.1 Critic network update
Each critic is updated through the minimization of the
following loss function [19].

2
L(q)l) = E(st,at,rt,stﬂ) [(Q¢l (Sl” at) - yt’) ] (4)
where, the target value y, is computed as:
Ye=Te+Y ({2}2 Q! (Se+1, Ars1)
' (®)

—alogmg (apsq | Seiq ))

with azq ~ Te(-l Sei1)-

2.2.2 Actor network update
The update of the policy network (Actor) is performed by
minimizing the following objective function [17]:

£(6) = Eyy-p,apmg | 21087 (a; | ;)

— min Qy, (se, at)]
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This objective drives the policy toward actions with high
expected value while maintaining sufficient entropy.

2.3 Automatic entropy temperature adjustment

An important feature of SAC is the automatic tuning of the
entropy temperature parameter o. Rather than using a fixed
value, the parameter a is adaptively learned by via the
minimization of the following objective [18]:

L((X) = Eat~1'r9 [—O((lOg Ty (at | St) + Htre)] (7)
where, H,. is a predefined target entropy. This adaptive
mechanism enables SAC to dynamically balance exploration
and exploitation throughout the learning process.

Due to its stochastic policy, entropy-regularized
optimization, and off-policy learning capability, SAC is
particularly suitable for nonlinear control systems with
disturbances and model uncertainties. In the context of
induction motor drives, SAC enables the controller to learn
adaptive control policies directly from system interactions
without relying on an accurate mathematical model of the
motor. Consequently, the SAC algorithm provides an effective
framework for improving robustness and dynamic
performance in induction motor control systems.

3. DESIGN OF THE SOFT ACTOR-CRITIC
CONTROLLER FOR THE INDUCTION MOTOR

This section presents the design of the proposed SAC-based
controller integrated into the FOC framework for a three-phase
induction motor drive. The mathematical model of the
induction motor in the synchronous d — q reference frame is
first introduced, followed by the SAC-based current control
formulation, including state—action representation, reward
design, training strategy, and stability analysis.

3.1 Induction motor model in the d-q reference frame
By considering a synchronous d-g coordinate system

aligned with the rotor flux, the dynamic equations of the three-
phase induction motor are given as follows [4, 5]:

did Rs. . 1 Lm dwr
E——L—Sld‘i'a)elq‘i'll—svd—Ler dt 6
di, R, 1 L, ®)
E__L_slq_weld-i_L_qu_Ewrwr

where, i4,i, are the stator currents along the d- and g-axes,
respectively; v,, v, denote the control voltages; R;, L are the
stator resistance and inductance; L, L, represent the
magnetizing inductance and rotor inductance; w, is the
synchronous electrical angular speed; . denotes the rotor
flux magnitude.

The electromagnetic torque is expressed as:

3PL, .
T, = EEL_qurlq ©)
where, P is the number of poles.
The mechanical dynamics of the induction motor are
governed by:



dw,

] =

P (10)

T, — T, — Bw,

where, J is the inertia parameter, B defines the viscous friction

effect, and T, indicates the torque imposed by the external
load.

3.2 Soft Actor—Critic-based control architecture

In the conventional FOC structure, the d-axis stator current
idi_did is used to regulate the rotor flux, while the g-axis stator
current i, determines the electromagnetic torque. In this study,
the SAC algorithm is integrated into the inner current control
loops, replacing the conventional PI controllers.

Figure 1 illustrates the proposed closed-loop control
architecture, in which the SAC-based current controllers are
embedded within the classical FOC framework.

Speed Controller
Pl

SAC Current

Controller iy % Vi - wlf
»| Park / Clarke{—> [V —/ ﬁ o

SAC Current 9 BN (nverter HMA % = —ic

Controller iy Ve ? ~

SAC Current
Controller iy

SAC Current
Controller i4

Figure 1. Schematic representation of the induction motor
speed control system incorporating a Soft Actor—Critic
(SAC) controller in the current loops

The proposed control structure consists of the following
components:
e  Outer loop: a Pl-based speed controller that generates
the reference torque or ig;

e Inner loops: SAC-based current controllers
regulating the d- and g-axis stator currents iz and i,;

e Coordinate transformation and power stage: Park—
Clarke transformation blocks and a PWM voltage
source inverter.

This hybrid architecture preserves the decoupling principle
and physical interpretability of the conventional FOC scheme
while significantly enhancing adaptability and robustness
through DRL.

3.3 Soft Actor—Critic formulation for current control

The current control problem is represented as a Markov
Decision Process (MDP) to enable the application of SAC [14,

15].
The state vector is selected as:
se = [€ia(®) eq(©) @) () o] (11)
where, e;q = i5 — iy, e = i — i,

Here, e;4 and e;, denote the current tracking errors in the d-
and qg-axes, respectively; i7" and L’{ff are the reference currents

i Lrief
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generated by the outer control loop; i4, i, are the measured
stator currents; and w, is the rotor angular speed.
This state representation provides sufficient information for
the SAC agent to regulate both flux and torque dynamics.
The action selected by the SAC agent corresponds to the
control voltages applied to the inverter:

a; = [va(®) va©O]"
which are constrained by the inverter voltage limits:
[Val < Ve |vq| < Vnax-

These constraints ensure safe operation of the power
converter and prevent voltage saturation.

The reward function plays a key role in shaping the learning
behavior of the SAC agent. In this study, the reward is
designed to minimize current tracking errors while penalizing
excessive control effort [15]:

— 2 2 2 2
T =— (wdel-d + wgej; + w,,(vd + vg )) (12)
where, wq >0,w; >0
coefficients.

This reward formulation encourages the agent to:

e accurately track the reference currents,
e suppress oscillations and disturbances,

o limit excessive voltage commands and avoid inverter
saturation.

and w, >0 are weighting

3.4 Soft Actor—Critic policy update for current control

Based on the formulation in Section 2, the two critic
networks are updated by minimizing the following loss
function:

L) =E (Qq)i(st: ag) —1;
- Y]nﬂg Q¢;. (St+1,Are1) (13)

2
+ yalogmg (ayq | 5t+1)> l

where, a;,1; ~ g (| s¢41 ),y is the discount factor, and a
denotes the entropy temperature.
The actor (policy) network is updated by minimizing [16].

£(0) = E [alogm (a, | 5,) —min @y, (swa)]  (14)

This objective drives the policy toward actions with high
expected value while maintaining sufficient exploration
through entropy maximization.

To ensure training stability and convergence, the state and
action signals are normalized as:

St — Smin

5= , @, = tanh(a,)

(15)

Smax — Smin

The hyperbolic tangent function tanh(-) is employed to
automatically bound the output voltages within a safe



operating range, thereby improving robustness and preventing
actuator saturation.

The training process is conducted in a simulation
environment consisting of the induction motor and the voltage
source inverter. The interaction data (s;, a, 13, S¢,1) are stored
in a replay buffer D for off-policy learning.

The target networks are updated using a soft update rule:

b; « ; + (1 — DP; (16)
where, 0 < t « 1 is the smoothing factor.

This training strategy improves learning stability and
enables the SAC agent to achieve robust current control
performance under parameter uncertainties and external
disturbances.

3.5 Stability analysis and proof of the Soft Actor—Critic
field-oriented control system

In the FOC framework, if the stator currents i, and i,
accurately track their reference values iz and i; , the
mechanical dynamics of the induction motor can be
approximated as a stable first-order linear system.
Consequently, the overall stability of the drive system can be
reduced to the stability analysis of the inner current control
loops.

Consider the current tracking errors in the synchronous dq
reference frame: e; = iy — ig, eq = ig — ig.

From the induction motor model, the error dynamics can be
expressed in the following general form:

ée=f(e,x)+gle,x)u a7
where, e = [€a €q]T, u=[Ya Vq]T is the control input
generated by the SAC controller; f(-) represents the nonlinear
terms and disturbances arising from parameter uncertainties
and load variations; g(-) denotes the control gain matrix,
which is bounded and locally invertible.

A Lyapunov candidate function for the inner current control
loop is chosen as [11]:

V(e) = %eTe = %(eé +e?) (18)
Clearly, V(e) > 0, Ve = 0,V(0) = 0.
Taking the time derivative yields:
V(e) =eTe (19)
Substituting the error dynamics gives:
V(e) = e"(f(e,x) + gle, x)w) (20)

The SAC algorithm learns a control policy u = mg(s) by
minimizing the expected cumulative cost, with the reward
function designed as:

T = —(wged + wyeZ + wy|ul?) (21)

Maximizing the discounted cumulative reward is equivalent
to minimizing the expected cost functional:

J=E Uoo(eTQe + uTRu)dt (22)
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where, Q = diag(wd,wq) >0,R=wy,l >0.

Therefore, the SAC policy approximates a nonlinear
optimal control law in which: current tracking errors are
heavily penalized, control inputs are constrained and
regularized.

Since SAC is a function-approximation-based learning
algorithm, it cannot guarantee that V (e) < 0 Ve.

However, once the policy has converged, stability in the
expected sense can be established:

E[V(e)] < —AE[le]*],A> 0 (23)
This inequality implies:
E[v(e®)] < V(e(0))e™ (24)

Accordingly, the current control subsystem can be
considered asymptotically stable in terms of mean-square
convergence, which ensures practical stability and robustness
of the overall SAC-FOC-controlled induction motor drive.

4. SIMULATION
EVALUATION

AND PERFORMANCE

4.1 Simulation environment and system parameters

The simulation studies were carried out in the
MATLAB/Simulink environment, incorporating a three-phase
induction motor model and a two-level PWM voltage source
inverter. To ensure the reproducibility of the results, the
hyperparameters of the SAC algorithm are clearly specified.
The actor and critic networks consist of hidden layers with an
appropriate number of neurons to balance accuracy and
computational cost. The training parameters, such as the
learning rate, minibatch size, and training steps, are selected
based on simulation experiments to achieve stable learning
performance. Table 1 summarizes the main hyperparameters
used in this study.

Table 1. Hyperparameters of the Soft Actor—Critic (SAC)

algorithm
Parameter Value Description
Actor network 2 hidden layers Fully connected
structure (128-128) layers
Critic network 2 hidden layers .
structure (128-128) Twin Q-networks
Actlva_tlon ReLU Used in hidden
function layers
Learning rate 4 Policy network
3*10 .
(actor) learning rate
Learning rate 1 Q-network learning
" 3*10
(critic) rate
Discount factor y 0.99 Fu:ju_re reward
iscount
EnFr(_)py Automatically tuned Entr_opy_
coefficient a regularization
Replz;;i/zguffer 108 Experience storage
Mini-batch size 256 Training batch size
Training steps 50000 Total training

iterations

The main parameters of the induction motor used in the



simulations are listed in Table 2 [7].

Table 2. Induction motor parameters

Parameter Symbol Value
Rated power P, 3 kW
Rated voltage U, 380V

Stator resistance R, 1.2Q
Rotor resistance R, 1.0Q
Stator inductance Lg 0.17H
Rotor inductance L, 0.17H
Magnetizing inductance L 0.165H
Moment of inertia ] 0.02 kg m=

The control sampling period was selected as T, = 100 ps.
For the proportional-integral field-oriented control (PI-FOC)
scheme, the proportional and integral gains of the PI controller
are selected to achieve a fast transient response, small
overshoot, and low steady-state error. The tuning process is
performed through repeated simulation experiments until the
best control performance for the motor drive system is
obtained. The final parameter values of the PI controller are
used as the baseline method for comparison in this study. Two
control structures were compared in the simulations. The PI1—
FOC scheme uses PI controllers for both the speed loop and
the current loops (i4, i4). In contrast, the SAC-FOC approach
preserves the Pl-based speed loop but replaces the current
controllers with SAC-based ones. Both approaches employed
the same FOC framework, rotor flux observer, and pulse width
modulation (PWM) inverter to ensure a fair comparison.

4.2 Simulation scenarios

The performance of the proposed RL-based control strategy
is investigated through a set of simulation scenarios based on
a three-phase induction motor drive model implemented in
MATLAB/Simulink. The SAC-FOC scheme is systematically
compared with the conventional PI-FOC approach under
identical operating conditions. The simulation parameters of
the motor, inverter, and controllers are kept constant
throughout the simulations to ensure an objective comparison.
The total simulation time is set to 0.5 s, and the following
specific scenarios are considered:

Scenario 1: Speed reference variation

The motor speed reference is varied in a ramp form from
600 rpm to 1000 rpm during the time interval from 0.1 s to 0.3
s. This scenario is designed to evaluate the speed tracking
capability, transient performance, and steady-state error of the
control system.

Scenario 2: Stator current response

The stator current components are observed during both
transient and steady-state operating conditions to assess
current tracking accuracy, oscillation level, and waveform
smoothness. This analysis directly reflects the control quality
of the inner current control loops.

Scenario 3: Load disturbance rejection

A step load torque disturbance is applied to the motor shaft,
where the load torque abruptly increases from 10 Nm to 60
Nm at 0.1 s and then decreases to 30 Nm at 0.4 s. This scenario
is used to evaluate the disturbance rejection capability and
speed recovery performance of the control system.

4.3 Simulation results and discussion

To evaluate the learning effectiveness of the SAC algorithm,
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the training process is illustrated through the cumulative
reward in Figure 2 and the loss function value versus training
iterations in Figure 3. The results show that the agent’s reward
gradually increases during the learning process, while the
critic network loss decreases and progressively converges.
This indicates that the SAC algorithm is capable of learning an
effective control policy and achieving stable training
performance.

The simulation results indicate that both control strategies
ensure stable system operation under all considered scenarios.
However, the RL—based controller exhibits several advantages
over the conventional Pl controller.

800 T T T T

600 [

400

200 |

Cumulative Reward

0 1 2 3 4 5
Episodes «10%

Figure 2. Training reward versus episodes during the
learning process of the Soft Actor—Critic (SAC) agent

Critic Loss

Training lterations x10%*
Figure 3. Critic loss versus training iterations during the Soft
Actor—Critic (SAC) training process

Specifically, in the speed reference variation scenario
(Figure 4), the SAC-FOC approach provides faster speed
tracking, smaller overshoot, and shorter settling time
compared with the PI-FOC method. The steady-state error is
nearly zero, demonstrating the strong adaptability of the RL—
based controller.

For the stator current responses (Figures 5 and 6), the SAC—
FOC controller generates smoother current waveforms with
lower oscillation amplitude and reduced RMS values
compared to the PI-FOC scheme, particularly during transient
conditions. These results indicate a significant improvement in
the control quality of the inner current loops.
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plots are fully consistent with the quantitative performance
indices reported.

-==wPrl
{111 porer w_REF Z =
2 w_SAC Fdi
o
O uls ;
% %l ] |
1} 7
O - /
Qo 2 7
7)) / £ I
0
0 0.1 0.2 03 0.4 05

Time (seconds)

Figure 7. Speed response of the system with SAC and Pl

controllers under load variations
Note: PI = proportional-integral; SAC = Soft Actor—Critic

[ — — = Te_SAC

100_" T Load ||
— = = = Tg FOC
£ 1 . =
£ I ¥ 5.
o s0M q -
=) I
E 1 wer
o £ | A
= of g " ‘§ E; 1

0 0.1 0.2 0.3 0.4 0.5

Time (seconds)

Figure 8. Torque response of the system with SAC and Pl
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Note: PI = proportional-integral; SAC = Soft Actor—Critic

Table 3. Quantitative performance comparison between Pl—
FOC and SAC-FOC
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Figure 6. Current response of the system using PI-FOC and

SAC-FOC controllers
Note: PI = proportional-integral; FOC = field-oriented control; SAC =
Soft Actor—Critic

When subjected to load torque disturbances (Figures 7 and
8), the system employing SAC-FOC exhibits superior
disturbance rejection performance, characterized by smaller
speed deviations and faster recovery compared to the system
using PI-FOC. In contrast, the PI controller shows larger
oscillations and a longer recovery time.

Overall, the simulation results confirm that the RL—based
controller not only improves transient response performance
but also enhances disturbance rejection capability and system
robustness under varying operating conditions.

The simulation results presented in Figures 4-8 are
summarized and quantitatively evaluated in Table 3. It can be
observed that the qualitative observations derived from the
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Performance index PI-FOC SAC-FOC
Speed overshoot (%) 8.5 2.1
Settling time (s) 0.18 0.09
Steady-state speed error (rad/s) .2 0.2
Recove_ry time under load 015 0.06

disturbance (s)

RMS stator current (A) 6.4 5.6
Peak current oscillation (A) 1.9 0.8

Note: PI = proportional-integral; FOC = field-oriented control; SAC =
Soft Actor—Critic

Specifically, the speed overshoot under the SAC-FOC
scheme is significantly smaller than that of the PI-FOC
approach, which agrees well with the smoother and less
oscillatory speed response observed in Figure 6. This
improvement is clearly reflected in Table 2, where the
overshoot is reduced from 8.5% to 2.1%.

The settling time of the system using SAC-FOC is also
reduced by nearly half compared to PI-FOC, consistent with
the speed response plots showing a faster convergence to
steady-state operation after speed reference changes. This
result is quantitatively confirmed by the reduction of the
settling time from 0.18 s to 0.09 s, as reported in Table 3.

Regarding current control performance, the stator current
waveforms under SAC—FOC are smoother and exhibit lower
oscillation amplitudes than those under PI-FOC, as observed
in Figures 6-8. This is further validated by the decrease in the
RMS stator current from 6.4 A to 5.6 A, indicating a
significant reduction in current losses and electrical stress.

Therefore, the quantitative indices presented in Table 3
clearly and consistently confirm the advantages of the SAC—



FOC controller observed in the simulation results. The strong
agreement between qualitative and quantitative analyses
demonstrates the effectiveness and reliability of the proposed
approach.

5. CONCLUSIONS

This study develops a SAC-based FOC strategy for three-
phase induction motor drives, where the inner-loop PI
controllers are replaced by learning-based controllers. This
modification improves robustness against nonlinear dynamics,
parameter variations, and external disturbances. Simulation
findings reveal that the SAC-FOC approach provides faster
response, higher tracking accuracy, and better disturbance
rejection than the conventional PI-FOC scheme. These results
confirm the strong potential of DRL—based controllers for
high-performance electric drive applications operating under
varying conditions. Moreover, the proposed control strategy
does not rely on an accurate motor model, which reduces
tuning effort and improves implementation flexibility.

In this study, the proposed control method is mainly
evaluated through simulation experiments. In future work, the
SAC-based controller will be implemented on real hardware
platforms such as DSPs or microcontrollers to evaluate its real-
time performance. In addition, issues related to computational
latency and algorithm optimization for embedded systems will
be further investigated.
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