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Abstract

Servo motors typically utilize Field-Oriented Control (FOC). However, the conventional cascaded PI
control framework is inherently constrained by its fixed-parameter design, making it highly susceptible
to parameter variations and unmodeled disturbances. While intelligent control strategies—such
as model predictive control (MPC)—provide a robust, multi-objective alternative, their intensive
stepwise computational demand often degrades transient response. Motivated by the stochastic
dynamics of motor operation, we propose a novel physics-informed control paradigm. Specifically,
we formulate the FOC-based motor control as an online stochastic optimization problem, wherein
the objective function is updated iteratively using stochastic gradient estimates, and the resulting
time-varying subproblems are solved efficiently by the MSALM algorithm. Our approach significantly
outperforms conventional PI controllers in environmental adaptability and disturbance rejection.
Experimental results demonstrate that the proposed method achieves comparable high-precision
tracking performance while significantly reducing computational time per iteration, ensuring rapid
dynamic response and strict enforcement of physical constraints.

Keywords: servo motor control; stochastic online optimization; field-oriented control; machine learning;
augmented Lagrangian method

1. Introduction

Servo motors are widely used in industrial automation, robotics, and high-precision motion
control because they offer accurate regulation of position, speed, and torque. In these applications,
the controller is usually expected to respond quickly, maintain high steady-state accuracy, reject
disturbances effectively, and use energy efficiently within strict physical limits [1].

For AC servo motors, Field-Oriented Control (FOC) has become the standard choice. Through
coordinate transformation, FOC separates the originally nonlinear and strongly coupled motor dy-
namics into flux and torque components that can be regulated independently, which gives the drive
a control behavior close to that of a DC motor [2]. In industrial implementations, FOC is commonly
paired with cascaded proportional-integral (PI) controllers because this structure is simple, familiar,
and easy to implement in practice [1,3].

The performance of cascaded PI control is closely tied to its nominal tuning. In real servo systems,
operating conditions rarely remain fixed. Temperature changes alter parameters, nonlinear effects are
never modeled perfectly, and external load disturbances are difficult to avoid [4]. Once these factors
become significant, a fixed-parameter PI controller often loses part of its effectiveness, and the resulting
performance may deviate substantially from what is expected under nominal conditions.

This is one reason why model predictive control (MPC) has attracted so much attention in
motor drives. MPC makes it possible to treat control objectives and system constraints in a unified
predictive optimization framework [5,12]. The drawback is the online computation. A conventional

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0009-0001-0061-2344
https://doi.org/10.20944/preprints202604.0111.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 April 2026 d0i:10.20944/preprints202604.0111.v1

20f13

MPC controller must solve a new optimization problem at every sampling instant, and that repeated
computation can become a serious burden. In high-speed servo applications, even modest delay may
reduce control bandwidth and weaken transient response [6].

Recent work on stochastic online optimization suggests a different direction. Since motor opera-
tion is inherently time-varying and uncertain, a control scheme that updates decisions from streaming
measurements and stochastic gradient information is not only mathematically appealing but also
practically relevant [21]. Such methods avoid heavy online optimization at every step and instead rely
on lightweight iterative updates.

This feature is particularly attractive for servo motor control. Stochastic gradient-based updates
are computationally cheap, which helps when the controller runs at a high sampling rate and fast
response is required [7]. At the same time, continual feedback allows the control law to adjust
to parameter drift, disturbances, and modeling mismatch as they appear. This tends to improve
robustness as well as steady-state behavior. There is also a theoretical side to the appeal: under mild
assumptions, stochastic optimization methods admit convergence guarantees, so the controller can be
expected to move toward a near-optimal policy over time [8]. For servo systems, this combination of
computational efficiency and adaptability is especially important.

Motivated by this perspective, we develop a physics-informed control framework that casts
FOC-based servo motor control as an online stochastic optimization problem. The control objective
is updated iteratively using stochastic gradient estimates extracted from real-time measurements.
The resulting time-varying optimization subproblems are efficiently solved by our proposed algo-
rithm MSALM ([28], submitted), which enables effective constraint handling while maintaining low
computational complexity.

2. Related Work
2.1. Field-Oriented Control with PI Regulation

Field-Oriented Control (FOC) is the standard framework for high-performance AC servo drives [2].
By expressing the machine dynamics in a synchronously rotating reference frame, FOC decouples flux
and torque and thereby enables a control mode similar to that of a separately excited DC motor [1,2].
From a control viewpoint, the resulting drive structure is naturally hierarchical and involves several
objectives at once.

In a typical cascaded architecture, the outer loop receives a position or trajectory command and
generates a speed reference. The intermediate loop tracks that speed reference and produces the
corresponding electromagnetic torque reference. The inner loop finally regulates the d—g axis currents
so that the torque demand is realized. Because torque control sits at the innermost layer, its dynamic
quality has a direct influence on the overall servo performance. As a result, the problem is not simply
one of position tracking or speed regulation alone; it also involves torque response and operating
efficiency.

Industrial drives usually address this hierarchy with localized PI controllers distributed across
the inner and outer loops [1,3]. The appeal of PI regulation is obvious: it is simple, mature, and
relatively easy to tune with standard linear-control tools [3]. Its weakness is just as well known. Fixed
controller gains do not adapt well when the motor is affected by temperature-dependent resistance
drift, magnetic saturation, abrupt load changes, or measurement noise [4]. Under those conditions, the
performance of decoupled PI control can deteriorate quite noticeably [4].

Various improvements have been proposed over time, including gain scheduling [9], adaptive PI
control [10], and disturbance-observer-based compensation [11]. These methods can help in specific
settings, but they largely remain within the same linear-control framework. They also do not provide a
direct and unified way to manage coupled control objectives together with hard physical limits such as
inverter voltage constraints and current bounds [12]. This limitation becomes increasingly important
as servo systems are pushed toward higher precision and more demanding operating conditions.
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2.2. Model Predictive Control for Motor Drives

To move beyond the limitations of PI-based cascaded regulation, many studies have introduced
Model Predictive Control (MPC) into the Field-Oriented Control (FOC) framework [13]. The basic idea
is to preserve the intuitive flux-torque decoupling offered by FOC while replacing the conventional
inner-loop regulation with an optimization-based control law. In this way, multiple objectives and
explicit constraints can be handled more systematically. Early work focused heavily on Finite Control
Set MPC (FCS-MPC) [14]. Later, because variable switching frequency became a practical concern,
more attention shifted to Continuous Control Set MPC (CCS-MPC), or Modulated MPC (M2PC). These
methods optimize a continuous voltage vector in the d-q frame and then combine it with standard
SVPWM, which gives fixed switching frequency and good steady-state behavior [15,16].

The main practical difficulty is that conventional MPC depends strongly on the plant model. In
real servo drives, the model is never exact. Temperature-dependent parameter changes, measurement
noise, and sudden load variations all introduce uncertainty. From that standpoint, Stochastic MPC
(SMPC) is an attractive extension [17]. Instead of preparing for the worst case, as in robust MPC, SMPC
models uncertainty probabilistically and optimizes an expected performance index while enforcing
constraints in a stochastic sense.

Even with these advantages, implementation remains difficult in high-speed servo systems [18].
At microsecond-level sampling times, repeatedly evaluating expectations and solving constrained
quadratic programming (QP) problems can exceed the computational capability of standard digital
signal processors (DSPs). Fast first-order solvers such as the Alternating Direction Method of Multipli-
ers (ADMM) have been introduced to reduce this burden [19]. Still, if a new stochastic optimization
problem must be solved from scratch at every control instant, the remaining delay can be large enough
to limit bandwidth and weaken transient performance.

2.3. Online Stochastic Optimization Models and Algorithms Related to Servo Motor Control

Real-time servo control shares several structural properties with online stochastic optimization.
At each sampling instant, the controller has to choose an action using only the information available
at that moment, while operating conditions, disturbances, and measurements continue to evolve.
This is close in spirit to online convex optimization (OCO), where decisions are made sequentially
before the exact loss is fully known [20-22]. In the motor-drive setting, the control input plays the
role of the online decision variable, while tracking performance and energy-related penalties define a
time-varying objective.

For practical servo systems, online stochastic optimization with time-varying distributions is
even closer to the actual control problem. In that model, uncertain parameters are drawn from
an underlying distribution that changes over time, and after each decision only one sample from
the current distribution is observed [8]. This description matches the reality of motor drives quite
well, since load perturbations, parameter drift, and measurement noise make the environment both
uncertain and non-stationary. The associated notions of dynamic benchmark and distribution drift are
also consistent with the fact that the optimal operating point of a high-performance servo system is
rarely fixed.

Physical constraints are another central issue. Voltage saturation and current limits cannot be
ignored in practical drives, so constrained online optimization becomes highly relevant. In such
formulations, one is concerned not only with dynamic regret but also with the extent to which
constraints are violated over time. Representative examples include online convex optimization with
time-varying constraints and with stochastic constraints [23,24]. These models are close to servo control
in a very direct sense: the controller must keep updating its action online while still maintaining safe
operation.

From the algorithmic side, several classes of methods are especially relevant. Gradient-based
online algorithms are attractive because the updates are simple and inexpensive, even when only
noisy or partial information is available [20,22]. For constrained problems, primal-dual and splitting-
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based methods are particularly useful. One representative example is online proximal-ADMM, which
updates primal and dual variables recursively so that a time-varying constrained convex problem can
be tracked without re-solving the full optimization problem at every step [25]. This is precisely the
kind of property that becomes valuable in high-speed servo applications.

Among constrained online methods, augmented-Lagrangian-based approaches are especially
relevant to the control design considered in this paper. Classical augmented Lagrangian methods
already provide a principled way to handle constraints [26]. Building on that foundation, Liu et
al. proposed model-based augmented Lagrangian methods (MALM) for time-varying constrained
OCO and established sublinear regret together with sublinear constraint violation [27]. Their main
contribution was not only theoretical; by introducing suitable models into the augmented-Lagrangian
subproblem, they also reduced the difficulty of the per-step computation. Our team proposed a Model-
based Stochastic Augmented Lagrangian method (MSALM) for Online Stochastic Optimization[28].
This idea is closely aligned with the needs of servo motor control, where exact online optimization is
often too expensive, but purely heuristic updates are not sufficient.

Taken together, the most relevant online stochastic optimization models for servo motor control
are those that combine sequential decision-making, time-varying uncertainty, and explicit constraints.
The corresponding algorithmic tools include online gradient methods, primal-dual or ADMM-type
recursions, and model-based augmented Lagrangian approaches. These lines of work form the
main theoretical background for recasting constrained servo motor control as an online stochastic
optimization problem with real-time implementable updates.

3. Methods
3.1. Physical Principles of Servo Motor Control

Under the FOC framework, the motor dynamics in the synchronous rotating dq reference frame
can be described in a general state-space form as

49(t) = A(we(t), (1)) iag (1) + B(p(t) ) ugg(t) + de(t),
T2(1) = @igy (1), p(1)), o
Jam(t) = Te(t) — To(t) — Bwm(t),
O (t) = wm(t),
where ig,(t) = [is(t), ig(t)]" is the current vector in the synchronous rotating dq frame,

ugy(t) = [ua(t), q(t)] " is the control input vector, p(t) denotes the motor parameter set, d.(t) repre-
sents electrical-side uncertainties and disturbances, T, (t) is the electromagnetic torque, Ty (¢) is the
load torque, ] is the inertia, B is the viscous friction coefficient, wy, (t) is the mechanical angular speed,
and 6,,(t) is the rotor position.

This formulation captures the essential input-state relationship of FOC-based motor drives
without restricting to a specific motor type, and thus serves as a general dynamic model for a broad
class of servo systems.

In servo motor systems, control performance is typically evaluated from multiple perspectives,
including speed regulation, torque response, position tracking, and operating efficiency. Since these
performance requirements are often coupled through the motor dynamics, it is convenient to describe
them within a unified optimization framework. To this end, several objective functionals are introduced
over a finite time interval, each corresponding to a specific control requirement. By tuning the
associated weighting coefficients, the proposed formulation can accommodate different application
demands and operating priorities.

After discretization, the servo motor control objectives are described directly in stage-wise form.
At each sampling instant ¢, define the tracking errors

Cwt = Wyt — Wity ety = T,y — Tot, eor = Opt — Omts )
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where e 1, eT, and ey ; denote the speed, torque, and position tracking errors, respectively.
For compactness, the speed-, torque-, and position-related stage-wise losses are written in the
unified form

2
Crt — Cpp_
El’,t - )\r,leg,t + )\)’,2 (rltAtrrtl> 7 r e {CU, Tr 9}/ (3)

where At is the sampling interval. In this expression, the first term penalizes the tracking error itself,
while the second term penalizes the variation rate of the tracking error, thereby improving transient
smoothness and suppressing oscillatory behavior.

The weighting parameters in (3) are specified as

(Ao Aw2) = (91,92), (At AT2) = (01, 42), (Ag,1,262) = (B1,B2), 4)

so that the corresponding losses can be written explicitly as

gspeed,t = Loyt ®)
gtorque,t = ET,t/ (6)
Eposiﬁon,t = fe,t- ()

Here, g1, a1, and 1 weight the tracking accuracies of speed, torque, and position, respectively,
whereas 5, a, and B, weight the variation rates of the corresponding tracking errors and are used to
improve dynamic smoothness.

The efficiency-related stage-wise loss is defined separately as

Eefﬁciency,t =P loss,tr (8)

where, for simplicity, the efficiency term is described by a surrogate loss model intended for optimiza-
tion rather than an exact physical loss decomposition. The copper-loss-related term is approximated
by

Pew = iz, + gy, )

the iron-loss-related term is approximated by
Ppes = Wiyt (i3,+i74), (10)

and the total loss is written as
Ploss,t = y1Peut + ')’ZPfe,t/ (11)

where 1, 72 > 0 are weighting coefficients used to balance the relative importance of the two simplified

loss components. In low-speed operation, the copper-loss-related term is usually dominant, whereas

in high-speed operation, the iron-loss-related term becomes more significant. Accordingly, larger 7 is

preferable in low-speed conditions, while larger -y, is more suitable in high-speed conditions.
Therefore, the overall stage-wise loss is given by

f t(ut) = w1 espeed,t + wzgtorque,t + w3£position,t + w4€efﬁciency,t/ (12)

where wy, wyp, w3, wy > 0 are top-level weighting coefficients that determine the relative importance of
the speed, torque, position, and efficiency objectives, respectively.

Importantly, the above performance objectives are functions of the motor state variables, while
the control inputs influence these objectives indirectly through the system dynamics. Therefore, servo
motor control can be interpreted as a process of shaping the state evolution via control inputs in order
to optimize the overall performance.

However, in practical applications, servo drives are affected by magnetic saturation, temperature
drift, unknown load torque, and sensor noise. These factors introduce stochasticity into both system
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dynamics and performance evaluation. To account for such uncertainties, the deterministic model is
further reformulated into a stochastic nonlinear state-space model, which provides the foundation for
the subsequent online stochastic optimization framework.

3.2. Online Stochastic Optimization Problem

To handle uncertainty and time variation in a principled manner, we formulate the sequential
control process as an online stochastic optimization (OSO) problem. At each timeslott € {1,2,...,T},
the real environment has disturbances and other stochastic factors. Therefore, the motor operation
process involves stochastic parameters. Considering that the random factors in the actual environment
may exhibit different distributions at different time instants, we set the distributions of the stochastic
parameters to vary continuously over time.

Let 6; ~ P; and ¢y ~ Q; denote the stochastic parameters associated with the objective and
constraint functions, respectively, where P; and Q; are the current distributions of the objective-related
and constraint-related uncertainties at time slot . Under this setting, the stage-wise objective and
constraint functions take the forms

f(w8),  g(ug). (13)

We define the expected objective and expected constraint functions as

Fi(u) := Eop[f(w,0)],  Gi(u) := Ezogg(u, &) (14)

Since the distributions of the stochastic factors determine the objective and constraint at each time slot,
both F; and G; explicitly carry the time index ¢.

At time slot ¢, we sample the stochastic parameters 6y and ¢; from the current distributions Py and
Q4, respectively. After sampling, the stochastic objective and constraint become the realized functions

fr(w) == f(w,0r),  g(u):=g(u, &), (15)

which correspond to one realization among all possible outcomes induced by the current distributions.
Therefore, the constrained optimization problem to be solved at the current time step is

min f¢(u) st. gi(u) <O0. (16)
ueld

From the expectation viewpoint, the OSO problem is written as

meir& Fi(us) = Eg,p[f (us, ;)] (17)
u;
s.t. Gt(ut) = ECtNQt[g(uff Cl‘)] <0, t=1,...,T. (18)

The following assumptions are standard:

¢ Assumption 1 (Bounded feasible set): The decision set I/ is bounded with diameter R > 0.

e Assumption 2 (Convexity): The loss and constraint functions are convex and differentiable with
respect to uy.

*  Assumption 3 (Slater condition): There exists a strictly feasible point @ € ¢/ and a constant ey > 0

such that Gt(i)(ﬁ) < —¢pforalli=1,...,m.

The performance of an online algorithm is evaluated by cumulative regret

Reg(T) :=E

T T
)3 Ft(“t)] —)_Fi(uf), (19)
t=1 t=1
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and cumulative constraint violation

T

Z Gt(ut)

t=1

Viol(T) := E . (20)

The goal is to design an online policy with sublinear regret and bounded or sublinear constraint
violation.

3.3. Online Stochastic Optimization Model and Algorithm for Servo Motor Control

The general FOC dynamic model in (1) provides the physical basis for reformulating servo motor
control as an online stochastic optimization problem. In particular, the control objectives introduced
in Section 3.1 are functions of the motor electrical and mechanical states, while the control action
enters the system through the dg-axis voltage vector. Moreover, the motor dynamics are affected by
time-varying parameters, electrical-side disturbances, and load torque variations, which introduce
stochasticity into both the system response and the resulting performance evaluation. Therefore, to
construct the online stochastic optimization model, we define the state variables, control variables, and
stochastic variables in a manner consistent with (1).

State variables.

Since the performance objectives in (2)-(12) depend directly on the current, speed, and position
states, we define the state vector as

)
x(t) = iq(tz € R4 (21)

This definition is fully consistent with the dynamic model in (1), where the current vector is

. ~lia(t)
ldq(t) = Lz(t)].

The choice of (21) is physically justified. The variables iy and i; directly determine the copper loss
and influence the iron loss through the flux linkage. In addition, i; is the main torque-producing
component, while i; regulates excitation and flux-weakening behavior, making both indispensable
for the torque objective. The variable w;;, is the core state for the speed objective and also explicitly
appears in the efficiency model. The variable 0, is the direct target of the position-control objective.
Therefore, the state vector in (21) is the minimal and sufficient set for characterizing the multi-objective
control performance.

Control variables.
According to (1), the motor is actuated through the dg-axis voltage input. Hence the control vector
is defined as

u(t) = ugy(t) = [”d(” € R2. (22)

“q(t)

These inputs are constrained by the inverter voltage capability, and thus the feasible control set is

written as
U = {u| |ug| < Vinax, g < Vimax }- (23)

This definition is directly aligned with the control channel ug,(t) in (1). Therefore, in the online
stochastic optimization problem, the decision variable is exactly the voltage vector applied by the FOC
controller.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Stochastic and uncertain variables.

The stochasticity of the servo system originates from the uncertain terms already appearing in (1),
namely the time-varying motor parameter set p(t), the electrical-side disturbance d,(t), and the load
torque T (). To make these uncertainties explicit in the optimization model, we define the stochastic
variable as

w(t) = |de(t) |- (24)

Here, p(t) denotes the time-varying motor parameter set, which may include parameter perturbations
induced by temperature drift, magnetic saturation, and other operating-condition changes; d,.(t)
represents electrical-side uncertainties and disturbances; and Ty (t) is the unknown time-varying load
torque. Since the true system state is not directly available, the observation model is written as

y(#) = x(£) +7(t), (25)
where
i, (£)
iy (£)
n(t) = | " (26)
Mo (t)
76(t)
denotes the measurement noise.
Accordingly, the motor can be represented as a stochastic nonlinear state-space system:
x() = f(x(t), u(t), w(t)), (27)

which is the compact stochastic counterpart of the deterministic FOC model in (1). After discretizing
the FOC loop, let t € {1,2,..., T} denote the sampling index. At each step, the controller observes y;,
infers the current operating condition, and selects the control action

u = [”‘”] cU. (28)

uq,t

Because the uncertainty vector w; includes time-varying parameters, electrical disturbances, and
load torque variations that are not known ahead of time, the mapping from u; to the future motor response
is stochastic. Hence the control process is naturally cast as an online stochastic decision problem.

In the online stochastic optimization setting, the random parameters in the stage-wise objective
and constraint functions are induced by the stochastic operating condition w;. Therefore, at each time
slot t, sampling 6; ~ P; and ¢; ~ Q; corresponds to selecting one realized operating condition from
the current stochastic environment, and the resulting realized objective and constraint functions are

fr(w) = f(w 6r),  gi(u) :=g(u,Gt). (29)

To align the optimization model with the four physical objectives introduced in Section 3.1, we
first define a stage-wise loss function /;(uy, 6;) under the realized operating condition 6;. This loss
is constructed as a weighted combination of the tracking error, torque deviation, position-related
regulation error, and efficiency loss, all of which are induced by the underlying motor dynamics in
(27). In this way, the physical control requirements are translated into a per-step optimization criterion.
Based on this instantaneous loss, the expected stage-wise objective at time ¢ is then obtained by taking
expectation with respect to the stochastic environment.
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Accordingly, the expected stage-wise objective is defined as
Fi(w)=E [wlfw,t + walr + wsles + w4€efﬁciency,t} : (30)

In (30), Fi(u;) represents the expected stage-wise loss at time step t corresponding to the control
input u;, namely, the d-g axis voltage commands. The expectation operator E[-] is used because the
future motor response is stochastic due to uncertain parameters and load disturbances.

The overall cost is expressed as a weighted sum of four physical sub-objectives, i.e., the speed,
torque, position, and efficiency objectives, which have already been introduced in the preceding
physical background. This formulation provides a compact multi-objective description of servo motor
control.

The non-negative parameters wj, wy, w3, and wy are weighting coefficients that balance these
objectives. By tuning them appropriately, different control priorities can be emphasized for different
industrial application scenarios.

This construction is consistent with the physical interpretation of the FOC system: the voltage
input u; affects the state trajectory through (27), and the resulting state trajectory determines the speed,
torque, position, and efficiency objectives.

The physical limits of the motor are then expressed as stochastic inequality constraints:

|le| — Vinax
gt(utz (ft) = |uq| — Vimax <0, (31)
iﬁ,t(ut’ gt) + ig,t (ut, gf) - Irznax

where ¢; summarizes the uncertainties affecting constraint evaluation. Taking expectation yields
Gi(uy) := Eg, 0,8t (ur, &t)] <0. (32)

Therefore, the stochastic motor control problem can be written in the standard online stochastic
optimization form:

min  F(uy) (33)
u el
st. G(w)<o0, t=1,2...,T. (34)

This formulation establishes a direct correspondence between the general FOC dynamic model and
the online stochastic optimization framework. Specifically, the control objectives determine the choice of
state variables, the voltage-driven motor dynamics determine the control variables, and the time-varying
parameters and disturbances determine the stochastic variables. As a result, the voltage vector becomes
the online decision variable, the physical objectives form the stage-wise loss, and the voltage/current
limits form the stochastic safety constraints.The above model satisfies the formulation of a stochastic
online optimization problem, which can be solved and optimized using the following algorithm.

Algorithm 1 MSALM

Require: Choose an initial point xg € X arbitrarily. Set parameters g > 0, ¢ > 0.Set the initial
multiplier Ag = 0.
fort=1,2,...,Tdo
Submit the decision x;.
Update the distributions P; and Q; to determine F; and G;.
Generate f; and g; by sampling 6; ~ Py and &; ~ Q.
Approximate f;(x) and g;(x) as f;(x) and & (x).
X1 = arg %Q[Lt,ﬂ(xr/\t) + % x - x||?)
Arsr = [Ar+ 08 (xe1)]+
end for
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4. Results

In this section, we present simulation experiments on FOC-based motor control utilizing on-
line stochastic optimization. The experimental results demonstrate that this novel control paradigm
achieves rapid dynamic response and strictly enforces physical constraints, while offering environ-
mental adaptability and robustness against disturbances.

In addition, we conducted the model training in Python 3.14.3and all the numerical experiments
were conducted on Matlab 2025b on a laptop with Windows 11 installed for fairness. The CPU of this
laptop is AMD Ryzen AI 9 H 465 w/ Radeon 880M with a base frequency of 2.00 GHz and 32 GB of
RAM.

4.1. FOC-Based Motor Control Using Online Stochastic Optimization

Based on real data from the motor control process, we considered three factors. These are the
speed error, the ratio of speed error to running time, and the current amplitude. These factors can
reflect motor performance to some extent. We derived the weights of these three factors from relevant
theories. Then a quantitative measure of motor performance through weighted summation was
formulated. We used parameter regression to train a polynomial that characterizes the relationship
between d-axis voltage, gq-axis voltage, current amplitude, and motor performance. A requirement
for the goodness of fit R? was set. Under the requirement that the goodness of fit is no less than 95%,
we examined the ratio of the increase in goodness of fit to the increase in parameters. The results are
shown in Table 1.

Table 1. Polynomial Regression Performance Summary.

Polynomial Degree Mean Test R? R? Improvement ll:Iumber of
arameters

1st Degree 88.32% — 4

2nd Degree 92.08% 3.76% 10

3rd Degree 94.70% 2.61% 20

4th Degree 95.17% 0.47% 35

5th Degree 95.36% 0.19% 56

We selected a third-order polynomial as the relationship governing how d-axis voltage, g-axis
voltage, and current amplitude affect motor performance. Then we used the best motor performance
as the optimization objective for the online stochastic optimization problem. Several constraints that
arise during motor operation were simulated. These constraints reflect the requirements for voltage,
current, speed, and other quantities to ensure safe motor operation. They help recreate the actual
motor working process. The constraints are as follows:

|ug| < 350,
luy| < 350,

] (35)
i +15 < 30,

error < 200.

For the random variables in the real environment, we selected a conventional Gaussian distribu-
tion with periodic drift in the mean:

Or ~ N (e, %),

36
p = 0.01sin(0.005 - £ + 71/4) + 0.0001¢. (36)

We used the MSALM algorithm to solve the problem, yielding a series of d-axis and g-axis
voltages that gradually brought the motor performance closer to the theoretical optimum. The number
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of online optimization iterations T was set to 5000. We then plotted the dynamic regret image of the
actual motor performance versus the theoretical optimum, along with the cumulative sum image of
constraint violations.

In Figure 1 and Figure 2, the results show that, in terms of online optimization theory, our new
control paradigm achieves sublinear regret and constraint violation. The control variables converge
progressively to the theoretical optimum while satisfying the constraints. During motor control,
this method offers environmental adaptability and disturbance rejection, enabling optimal control
decisions while adhering to motor constraints. In practical settings, by setting a large number of online
update rounds T, the decision is updated T times over a short period, thereby achieving high-precision
tracking performance and ensuring fast dynamic response.

Regret over Time

o 500 1000 1500 2000 3000 3500 4000 4500 5000

Figure 1. Regret of FOC-based motor control.

10* Constraint Violation over Time

Violation

| 1 | 1 | 1 1 1 1 |
25
o 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time Step t

Figure 2. Violation of FOC-based motor control.

5. Conclusions

We proposed a novel physics-informed online stochastic optimization control framework for
high-performance AC servo motor drives. By reformulating the Field-Oriented Control (FOC) process
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as a constrained online stochastic optimization problem, we integrated multiple coupled control
objectives—speed, torque, position, and efficiency—into a unified time-varying objective function.
The application of the MSALM algorithm allowed for the iterative updating of control variables using
stochastic gradient estimates, fundamentally shifting the control paradigm away from heavy stepwise
optimization.

Our experimental results validate the theoretical feasibility and practical efficacy of the proposed
paradigm. By simulating motor operation under a stochastically drifting environment with strict
physical constraints, the results demonstrate that the algorithm achieves sublinear dynamic regret
and sublinear constraint violation. The control variables successfully converge toward the theoretical
optimum, ensuring that the system adapts to environmental uncertainties while strictly enforcing
voltage and current boundaries.

These findings verify that online stochastic optimization provides a viable and robust mathemati-
cal framework for handling the dynamic and uncertain nature of servo motor control. Future research
directions may include extending this framework to multi-motor cooperative control systems and
establishing comprehensive empirical comparisons with traditional control strategies under physical
testbench environments.
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