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HIGHLIGHTS

o A three-component architecture connects task execution, capability evolution, and assurance for industrial scheduling.
o Scheduling records support controlled updates to algorithms and their conditions of use.
e Key challenges include limited data, multimodal alignment, and interpreting engineer actions.

ABSTRACT Al methods for industrial scheduling have shown considerable promise, yet two obstacles hinder their deployment in real
production: credibility and adaptability. Strong laboratory performance does not guarantee that a plan is fully safe and reasonable in
production, so human review remains necessary, and the deployment and improvement of algorithms still depend heavily on engineer
experience. This paper highlights a self-evolving optimization agent for these problems. The agent automates modeling, solving, diagnosis,
and adjustment for each task through an Execution Cycle, and uses information from repeated scheduling work through a Capability
Evolution Layer to improve the performance and conditions of use of the algorithms supporting the workflow, thereby achieving automatic
algorithm adaptation. For credibility, the system employs an Assurance Layer to check each execution plan and proposed algorithm change
through mathematical feasibility checks, physical consequence checks in represented simulation scenarios, and compliance checks for
explicitly formalized operating and safety requirements. Furthermore, we identify three research challenges in realizing such a system:
learning from limited data, aligning multimodal information with the same production system, and identifying the effects and implications of
engineer actions, which provide valuable guidance for building the system.
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1 Introduction

Al methods have shown promising results on many
scheduling problems, yet there remains a distance before
these algorithms can operate automatically and credibly
in real plants. Currently, a typical industrial scheduling
task proceeds through modeling, solving, diagnosis, and
adjustment. Automation is most mature in solving, while
engineers remain indispensable for encoding constraints
and calibrating parameters during modeling, inspecting
solver records and investigating infeasibility during
diagnosis, and applying knowledge of equipment,
operating limits, and production requirements during
adjustment. Notably, each task also generates valuable
information that can inform later algorithmic
improvement; however, in real production settings,
because of the burden of data curation, such information
is rarely organized for that purpose.

Recent advances in Al for optimization have shown
potential in several parts of the solving process. Learned
methods have supported solver decisions such as variable
selection, initialization, local search, relaxation, and
cutting-plane  generation across instances [1-3].
Prediction-correction frameworks bring Al-generated
solutions into closer agreement with real-world
constraints [4]. Lifelong learning and self-evolution
methods study how optimization strategies can improve
over sequences of tasks [5,6]. Instance-wise adaptation
addresses the use of task-specific information during
solution generation [7]. These studies demonstrate that
Al methods can not only effectively improve scheduling
performance, but also hold the potential to continuously
improve the algorithms’ own capabilities. However,
many of these seemingly attractive studies remain at the
laboratory and benchmark level, whereas industrial
scheduling involves more variable, more safety-critical,
and more complex scenarios, which makes the practical
deployment of Al algorithms difficult.

Two obstacles explain the difficulty of deploying Al
scheduling algorithms in industrial scheduling. The first
is a credibility barrier. Research on Al for optimization
often reports solver speed, objective values, or
benchmark solution quality. However, an industrial plan
must also satisfy the mathematical constraints represented
in the model and produce acceptable consequences under
the relevant operating conditions. Engineering review
therefore remains central to Al-supported scheduling
decisions. The second is an adaptability bottleneck. An
algorithm must be configured for the task in which it is
used, and its performance can depend on choices made at
deployment time. Several challenges are difficult to avoid
in industrial settings: production requirements and
objectives contain aspects that are difficult to express

numerically. An algorithm may therefore optimize a
workable proxy while producing a plan that conflicts
with an engineer’s judgment about the production
situation. In addition, a data-driven method trained on
benchmark instances or another production context may
degrade when the current conditions differ from its
training distribution. Adaptability is thus critical for an
algorithm to deliver its expected performance, and at
present it depends heavily on human experience.
Research in continual learning and automated machine
learning (AutoML) offers methods for updating,
selecting, and configuring algorithms as tasks change
[8,9]. Industrial scheduling, however, also requires
revising mathematical optimization models, coordinating
modeling, solving, diagnosis, and adjustment, and
governing when updated capabilities can be reused.
Improved algorithmic performance alone does not
establish that automatically generated changes will

produce acceptable plans wunder the represented
constraints and operating conditions.
These two obstacles call for a self-evolving

optimization agent that can execute complete scheduling
tasks automatically and credibly, while fully exploiting
the self-improvement capacity of algorithms by
improving algorithmic performance from information
generated during actual scheduling work. Based on the
high reliability requirements of industrial scheduling and
the specific content of scheduling tasks, we discuss how
to structure such a self-evolving system and which
challenges must be addressed. This paper describes the
architecture in Section 2, identifies three challenges that
must be addressed for data-driven self-improvement in
Section 3, and discusses the research value and
requirements of this direction in Section 4.

2 The Architecture of a Self-Evolving
Optimization Agent

As illustrated in Fig. 1, the architecture has three
components with distinct responsibilities. The Execution
Cycle automates one scheduling task through modeling,
solving, diagnosis, and adjustment. The Capability
Evolution Layer improves the performance and
conditions of use of the algorithms connected to this
cycle by learning from repeated scheduling work. The
Assurance Layer checks each execution plan and
proposed algorithm change against the mathematical
constraints, simulation results, and formally represented
operating rules. Together, these components connect task
execution, data-driven algorithm improvement, plan
verification, and controlled capability updates.
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Fig. 1 Architecture of a self-evolving optimization agent for industrial scheduling. The Execution Cycle completes modeling, solving,
diagnosis, and adjustment for each scheduling task. The Capability Evolution Layer manages the algorithms used in these stages and
improves their selection, configuration, and use from information generated during scheduling work. The Assurance Layer evaluates plans
and algorithmic modifications through mathematical feasibility checks, physical consequence checks, and rule-compliance checks.

2.1 The Execution Cycle

The Execution Cycle completes one scheduling task
through modeling, solving, diagnosis, and adjustment. It
provides the setting in which algorithms are applied to
production-related conditions and in which the resulting

plans, computational records, interventions, and
operating feedback become evidence for later
improvement.

At the modeling stage, the agent can support model
construction and revision by using process mechanisms,
engineering documents, and historical modeling
decisions. At the solving stage, it can apply algorithmic
methods that improve computational performance and
solution quality, including learned search guidance and
solver hyper-parameter configuration. At the diagnosis
stage, it can relate solver information to diagnostic
records to identify infeasibility sources and recurring
performance bottlenecks. For example, a language model
may help interpret diagnostic records to provide
debugging suggestions supported by a knowledge base.
The diagnostic results inform the adjustment stage;
depending on their form and confidence, the resulting
changes are accepted automatically after Assurance Layer
verification or after engineer review. At the adjustment
stage, the agent can automatically formulate and
implement approved changes to the model or algorithm,

or prepare other higher-level change suggestions for
engineer review. Each execution plan is passed to the
Assurance Layer for checking before automatic
application.

2.2 The Capability Evolution Layer

The Capability Evolution Layer is the core of self-
evolution; it manages the algorithmic capabilities
connected to the scheduling workflow. An algorithmic
capability consists of the algorithm itself, its
configuration interface, and its knowledge base. The
Agent Coordinator uses the task conditions and the
available capability records to determine how a capability
should be used for the current task.

The purpose of this layer is performance improvement
grounded in real scheduling data. A task produces
evidence at every stage, including computational
performance, plan quality, constraint satisfaction,
engineer interventions, and other operating feedback. The
Capability Evolution Layer uses this feedback to judge
whether a capability performed adequately, where its
performance degraded, and what kind of change may
improve its future use. When an algorithm is judged to
require improvement, the agent updates it through the
update pathway reserved by the capability in the form of
its configuration interface. Depending on the type of the
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algorithm, an update may involve updating learned
parameters, refining decision rules, changing a model
component, changing a solver configuration, updating the
knowledge about the conditions under which the
capability is applied, or other modifications. Various
techniques can be used to provide update interfaces for
algorithms, such as Bayesian optimization, online
learning, and other algorithms.

In industrial scheduling, where credibility is a central
concern, a capability change must be treated as a
controlled algorithm update. After an algorithm is
updated, the agent must register the relevant information:
it records the change, the data and task conditions that
motivated it, the affected capability version, and the
expected performance improvement. It then evaluates the
updated capability on a representative test set assembled
from accumulated real scheduling instances. The test set
should be deliberately designed to cover the relevant task
conditions completely and to include difficult, failed, and
boundary cases, rather than only the ordinary instances
typical of laboratory-level benchmarks. The Assurance
Layer provides evidence for these evaluations. The
updated capability is accepted for later use when its
performance satisfies the predefined criteria and its
generated plans pass the Assurance Layer under the
represented conditions.

2.3 The Assurance Layer

The Assurance Layer verifies the feasibility of scheduling
plans. It not only provides credibility for the Execution
Cycle during the execution of each scheduling task, but
also serves as the verifier of evaluations during algorithm
improvement in the Capability Evolution Layer. It
organizes these checks around three functions.
Mathematical feasibility checks assess whether a
scheduling plan satisfies the constraints represented in the
optimization model, with an optimization solver
providing the main computational mechanism. Physical
consequence checks examine the behavior and
consequences of a plan or modification in represented
simulation scenarios, with a digital twin serving as a
principal implementation. Compliance checks assess
whether a scheduling plan conforms to operating and
safety requirements that are raised by the industrial site
according to specific production conditions and have
been explicitly formalized for machine checking, such as
maintenance rules or unit operating rules.

3 Three Core Challenges

To make algorithms improve effectively and reasonably

in real industrial environments, a self-evolving
optimization agent must address three challenges
concerning the amount of data needed for reliable
improvement, the alignment of information describing
the production system, and the identification of the
effects and implications of human actions.

Challenge 1: learning with limited data. Reliable
data-driven algorithm improvement requires sufficient
data that cover the task conditions in which the algorithm
will be used. Industrial scheduling often provides only a
limited number of comparable tasks and a small amount
of explicit feedback. This makes it difficult to train or
update an algorithm from final objective values alone.
Lifelong learning and self-evolution methods provide
ways to improve optimization strategies over task
sequences [5,6], while foundation-model research studies
how optimization knowledge may be reused across
problem instances [10]. Building on these performance-
improvement methods, small-sample learning methods
such as meta-learning and transfer learning provide
approaches for efficiently improving algorithm
performance under limited data.

The central difficulty of data-efficient algorithm
improvement in industrial scheduling is that the available
cases are few, heterogeneous, and tied to changing
physical conditions. Methods that work with limited data
must therefore use the structure of the scheduling
problem and the information generated during operation.
Final objective values and feasibility outcomes are only
part of the available evidence. Solver information can
reveal active constraints, conflict patterns, search
behavior, and recurring sources of infeasibility [11].
Engineer interventions and operating feedback can
further indicate why an algorithm’s performance changed
under a particular condition. These richer sources are
often overlooked when learning is organized around the
final outcome alone.

The challenge is to combine them with data-efficient
learning methods so that a limited number of industrial
cases can support reliable improvement in algorithm
performance. This challenge directly determines how
efficiently the Capability Evolution Layer can update a
capability.

Challenge 2: aligning multimodal information with
the production system. A scheduling problem draws on
different forms of information, such as process flow
diagrams, optimization models, equipment data, and
connectivity information [12]. These sources describe the
same production system from different perspectives.
Aligning and integrating information across modalities is
the key to preventing the self-evolving system from
remaining a purely probabilistic model and instead
making it a model consistent with physical mechanisms.
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On the one hand, the scarcity of real data is difficult to
resolve satisfactorily with generic small-sample learning
methods; integrating mechanisms into algorithms through
modality alignment can effectively reduce the amount of
data required. For example, operating specifications such
as unit operating rules and time-interval rules can support
the design of better solver heuristics, while unit reaction
mechanisms provide the necessary decision basis for
diagnosis and adjustment. This avoids learning that
depends on large numbers of demonstration labels or trial
and error, and improves learning efficiency. On the other
hand, the alignment of multimodal information provides
the self-evolving system with richer sources of
interpretability, which helps it offer engineers more
credible, more insightful, and more realistic decision
suggestions.

The research challenge is therefore to align
heterogeneous information at the critical stages of the
workflow. Compared with existing studies on
mechanism-informed Al methods, it is necessary, given
that scheduling tasks rely heavily on precise numerical
computation, to further investigate how multimodal
information can be used in numerically sensitive
decision-making. This is of significant value both for
better Execution Cycle performance and for more sound
capability improvement.

Challenge 3: identifying the effects and implications
of engineer actions. Engineer actions provide valuable
evidence for algorithm improvement, but the meaning of
an action may not be clear. Engineers make many kinds
of adjustments during scheduling work, such as relaxing
a constraint bound, revising a solver setting, or modifying
a requirement. The reasons behind these actions may
differ: the same action can represent a persistent physical
restriction, a temporary production arrangement, a
response to a specific risk, or an attempt to improve
algorithm performance. Treating engineer actions as
imperfect expert demonstrations is more reasonable than
taking them as hard rules.

The central challenge is to identify what an action
changed, why the change was made, and which
consequences followed. Its interpretation requires the
agent to connect the action with the task conditions, the
preceding plan, the resulting plan, the assurance records,
and later operating feedback. Existing human-in-the-loop
and continual-learning studies show how human
information can be incorporated into adaptive systems
[13], but they do not by themselves resolve the industrial
problem of attributing the effect of a particular engineer
action under changing physical conditions. The research
challenge is to extract reliable information about engineer
preferences and action effects without treating every local
correction as a general rule for future algorithm use.

4 Conclusions

Automatically executing, self-evolving agents are
attractive in many domains. Against the background of
industrial scheduling tasks, which are safety-critical,
complex, and large-scale, this paper proposes a self-
evolving system, with the expectation of providing useful
discussion for the efficient deployment and effective
adaptation of algorithms in real production, thereby
improving production efficiency and benefit.
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