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Abstract. Augmented Intelligence is a design pattern for a human-centered col-
laboration model of people and artificial intelligence (Al), where machines assist
humans in tasks such as data analysis, information retrieval, decision-making,
and task execution. In this study, the concept of Augmented Intelligence is ap-
plied within the context of an instructional system for simulation-based training.
Here, the collaboration between human and machine is focused on the role of the
instructor, which is to guide the learning process of one or more trainees toward
some learning objective. We identify different levels of machine support to assist
an instructor in this role during an adaptive training cycle. Additionally, two de-
sign aspects are discussed that contribute to increased levels of intelligence,
namely the challenge of domain alignment to empower automation capabilities,
and the benefits of simulation-based task environments to deliver Al-enabled ap-
proaches. Examples are discussed in the context of military training.
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1 Introduction

Simulation-based training is increasingly used as a method for training professionals
on skills, abilities, and competencies in domains such as the military, aviation, or
healthcare. Simulated task environments offer an interactive learning environment for
trainees to experience representative real-world scenarios, while commonly being more
cost-effective compared to live training. As in live training, simulation-based training
is often instructor-led and supervised, where instructors prepare training scenarios, ob-
serve and assess trainee performance during training, provide feedback, and plan fol-
low-up training needs and activities.

In current practice, instructors have little technological support for guiding simula-
tion-based training processes. However, the increasing demand for data-driven, person-
alized and adaptive training has yielded promising research on supportive instructional
technologies in areas such as learning analytics, human performance modelling, rec-
ommendation algorithms, and scenario generation. Fully automated approaches for
adaptive training, such as Adaptive Instructional Systems (AIS), exclude the need for
an instructor. However, these are often a bridge too far when considering complex do-
mains such as military training, which regularly involves learning complex knowledge,



skills and abilities in dynamic task environments. The role of the human instructor can-
not easily be disregarded as it brings rich knowledge about the task domain, individual
learners, and instructional strategies that can be complex to model. Also, subjective
insights may be based on years of experience, and an objective truth of ‘adequate’
trainee performance may not always be quantifiable by a machine. In this view, inter-
mediate approaches seem more feasible, wherein machines support instructors for some
instructional processes, while instructors retain control over others. In this paper we
explore such different forms of instructional support using the concept of Augmented
Intelligence.

Augmented Intelligence is “a design pattern for a human-centered partnership model
of people and artificial intelligence (Al) working together to enhance cognitive perfor-
mance, including learning, decision-making and new experiences.” [1]. As a human-
centered design, it aims to play an assistive role, combining strengths of both human
and machine, while enhancing human intelligence rather than replacing it [2]. When
applied to the context of instructor-led training, Augmented Intelligence can be used as
a design pattern for implementing intelligent instructional systems to assist human in-
structors in their observation, assessment, decision-making, and task execution during
adaptive training.

This paper presents a design pattern for developing Augmented Intelligence for in-
structional systems in the context of simulation-based training. The approach is based
on progressive levels of machine support that can be considered for implementing an
instructional system, illustrating some of the challenges for automation, as well as ben-
efits for a human instructor. In addition, two design perspectives are highlighted that
contribute to increased levels of intelligence. The first one addresses the problem of
domain alignment, which relates to the grounding of (instructional) knowledge, re-
quired to tailor machine algorithms to operate in a particular task domain. The second
one addresses the role of simulation-based task environments to enable Al approaches
for enhanced machine support in instructional systems. Through advances in Al tech-
nologies and the need for data-driven solutions, (human-in-the-loop) simulations can
play a central role in data provision and delivering Al-based approaches. Finally, we
conclude the paper by summarizing the ideas presented with a future outlook.

2 Levels of Machine Support

In an instructional system, the role of an instructor is to guide the learning process of
one or more trainees by tailoring instruction to optimize learning in the context of some
learning objective. In the view of Augmented Intelligence, we consider the fulfillment
of this role as a collaborative effort between human and machine, where the machine
supports the human in its task. This concept is visualized in Fig. 1. In the figure, five
levels of machine support are identified within an adaptive training cycle. These levels
correspond to an instructor’s ability to observe, measure and assess trainee perfor-
mance, develop instructional plans, and instigate these through adaptations of the task
environment.
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Fig. 1. Augmented Intelligence for an instructor role in an adaptive training cycle, conceptual-
ized through different levels of machine support!

A collaborative execution of the adaptive training process is shaped by a division of
labor between the human instructor and the machine. The level of machine support is
considered to be flexible, depending on the application. At one end, the machine pro-
vides no support and the instructor performs all levels by itself. At the other end, the
machine performs all levels and the instructor would be out of the loop, in which case
the machine acts as a true AlS. In between these extremes, the machine provides sup-
port for one or more levels, and communicates its results through some human machine
interface (such as a dashboard or instructor operating station). The instructor can com-
bine objective data obtained from automated processes with its own subject insights to
implement remaining levels. Below we first describe each level in more detail, followed
by an outline of illustrative related work.

2.1  Levels of Support

Level 1: Activity perception. At this level, the machine is able to observe the training
environment and the trainee’s behaviors and activities in that environment. By translat-
ing data that can be acquired from the simulation into meaningful, semantic information
associated with the task domain, the human instructor can be supported in building
situation awareness. When the machine can monitor distinct training tasks or activities
as they are being performed, it enables the instructor to observe what tasks the trainee
is undertaking, such that it can concentrate on relevant measurements to determine how
the trainee is performing on those tasks.

1 Note that the instructor role could also be seen as being fulfilled by the trainee itself, hereby
suggesting self-guided training, as opposed to instructor-led training.



Level 2: Performance measurement. At this level, the machine is able to extract and
compute relevant performance metrics from the observed data. These metrics serve as
quantifiable measures or indicators of task performance, required for consequent eval-
uation of trainee performance. Through the provision of such objective data, the human
instructor can acquire data-driven insights that it can use as actionable information for
making informed decisions: it can combine these insights with its own subjective in-
sights in order to form of overall performance assessment.

Level 3: Performance assessment. At this level, the machine is able to assess and eval-
uate a trainee’s performance on a task, based on some performance standard as a refer-
ence. A performance standard is an objective, predetermined notion of proficiency for
a task that a trainee is expected to achieve. It can be represented by certain criteria,
thresholds, or expert models of performance that can be used as a benchmark for com-
parison. An assessment is then the result of a comparison between measured perfor-
mance and the performance standard. Objective assessments can be used by the human
instructor (possibly augmented with its own subjective assessments) to update learner
profiles, refine training needs, and plan instructional activities.

Level 4: Instructional planning. At this level, the machine is able to plan instructional
activities, based on a trainee’s assessed progression towards some learning objective.
Instructional plans may relate to follow-up training schedules or scenarios, or to in-
session adaptations such as direct interventions (e.g. scaffolding or feedback strategies
to guide learning) or indirect interventions (e.g. change task complexity through envi-
ronment adaptations). Personalized strategies may be used that take into account as-
pects such as learning preferences or measured learner engagement. Machine-based in-
structional plans can be used by the human instructor as recommendations or decision
support on when and how to adapt training.

Level 5: Adaptation. At this level, the machine is able to realize instructional plans
through instructions that configure, modify or interact with the training environment.
In simulation-based training, this includes for instance the ability to generate or config-
ure new training scenarios, to adapt the behavior of possible virtual role-players, or to
provide direct feedback to the trainee. The human instructor can be provided with ap-
propriate control interfaces to realize such changes in the training environment.

2.2  Related Work

Throughout all levels of support, increased technological progress is seen for automated
approaches, driven by the increased demand for more data-driven, personalized, and
adaptive training solutions. Simulation-based training is particularly suited as it pro-
vides a training environment that can be effectively created, observed, and controlled.
However, fully end-to-end systems like AISs are still rare in simulation-based training,
especially in complex domains such as military training. In this domain, related re-
search and technology are more often dedicated to individual levels of support. Below,
we touch upon related research in this context for illustrative purposes.



To support perception at Level 1, military standards such as Distributed Interactive
Simulation (DIS) have been developed to represent raw simulation data as real-time,
domain-specific information about military entities and events in a simulation environ-
ment [3]. Additionally, standards such as the Experience API (xAPI) have been utilized
in simulation-based training to infer trainee activities from synthetic environments [4].
In line with activity recognition, model tracing techniques have been proposed to track
activities and contexts in real-time, based on known hierarchical task models of the
trainee [5], hereby enabling context-based measurements at Level 2.

Performance measurement at Level 2 is a well-addressed topic. Specifically for sim-
ulation-based training, a systematic review of methodologies and best practices for
computer-assisted performance measurement is provided in [6]. In specific domains
such as fighter pilot training, performance measurement has been extensively re-
searched to measure technical and non-technical skills, including task proficiency,
teamwork, communication and situation awareness [7, 8]. Within this domain, meas-
urement tools such as PETS [9] provide a framework to develop and deliver perfor-
mance metrics, and has been used e.g. to support subject matter experts in evaluating
training effectiveness [10] or to assess Al pilots to support training [11].

Closely related in research is performance assessment at Level 3, which can be au-
tomated when some ‘absolute’ measure of desired performance can be known. It is
often recognized that fully automated assessment is not feasible in many domains and
that human judgement cannot easily be replaced, giving rise to partial automation or
assessment aids. Though, several studies on automated assessment exist. For instance,
in [12], a system was evaluated that assessed performance based on observed examples
of good and bad performance in tactical air engagement scenarios, showing a high de-
gree of agreement with a human grader; and in [13], an automated assessment method
for training simulators was investigated where assessment rules are learned from ob-
serving experts and students performing training tasks. A broad review on systems and
trends for automated after action review in military training is given in [14].

After assessments are made, instructional planning at Level 4 caters the planning of
teaching activities for follow-up training or in-session interventions. For instance, in
[15], methods are explored to tailor personalized training programs for maintaining
currency, based on measured or predicted skill decay; in [16], a recommendation sys-
tem has been proposed that recommends optimal training tasks based on training needs
and measured trainee competency levels; and in [17], real-time difficulty adjustments
are implemented through the adjustment of Al opponent behavior, based on measured
trainee proficiency.

Finally, for adaptation at Level 5, (semi-)automated approaches have been explored to
relieve instructors from the often resource intensive manual activity of scenario con-
struction. For instance, in [18], generative techniques are leveraged to generate training
scenarios aligned with learning objectives and individual learner characteristics;
whereas in [19], semi-automated methods are used that allow an instructor to direct the
generation process to reflect its own preferences. Implementing adaptive strategies are
strongly guided by instructional design principles on how, when and what to adapt [20].



2.3 Concluding

The identification of different levels of machine support presented in this section guides
the design of increased automation while considering the human role in the process.
The levels of support that can be provided for a particular application depends not only
on the available technology and algorithms to fulfill particular levels but also on the
ability to the capture required domain and instructional knowledge associated with
those levels in machine language. For instance, a fully automated instructional system
requires a machine understanding of the task domain, instructional needs and means
throughout the system. In the next section, we discuss this challenge. Finally, a suc-
cessful deployment lies in the trustworthiness of the system to provide validated auto-
mated aids, as well as the human instructor’s acceptance of and trust in the system.

3 Domain Alignment

In the previous section, different levels of machine support were identified for an adap-
tive training process. One of the challenges for implementing increased levels of sup-
port is the tailoring and alignment of machine algorithms to operate in a particular (in-
structional) task domain. This is also known as domain alignment and is the process of
adapting or tailoring algorithms to perform well on a specific domain or task. For an
instructional system, this relates to the problem of how to incorporate, ground, and align
domain knowledge throughout the system, such that algorithms can be semantically
aligned across the processes of an adaptive training cycle. The domain alignment prob-
lem for an adaptive training process is shown in Error! Reference source not found..
In the figure, domain alignment is conceptualized through top-down requirement driv-
ers for domain-specific knowledge that is needed to implement different levels of sup-
port. This is explained using an example below, where the different knowledge con-
cepts are shown in italic.
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Fig. 2. Domain alignment in an adaptive training process. The solid arrows represent information
flows; the dashed arrows represent top-down requirement drivers.



3.1  AnExample

Consider a competency-based training for a fighter pilot, designed to train specific tech-
nical or non-technical skills through whole-task or part-task training (e.g. specific mis-
sion types or tactical engagements). The training objectives specify a set of competen-
cies or skills that can be trained through different training tasks in a simulated environ-
ment. Job-specific competencies, skills and tasks may originate from a pilot’s compe-
tency profile or training needs analysis. The training objectives drive the scope of the
task domain, which encompasses the (expert) knowledge about the tasks to be trained.
These are the tasks that (1) trainees should have the opportunity to master during train-
ing, and (2) instructors should be able to observe, measure and assess. The ability to
assess a training task requires a performance standard as a reference of desired perfor-
mance. Associated are performance metrics that should be measurable to compare
against this standard. These, in turn, drive requirements for the kind of information that
should be observable from the simulation data in order to compute them.

When the trainee has been assessed on a task and has shown sufficient mastery, the
training design may be updated to prioritize other training tasks for follow-up training.
Alternatively, the same task may be trained but different complexity. The training de-
sign drives the requirements for the kind of scenarios that should be supported in the
simulated task environment for the trainee to experience. The need for in-session adap-
tations further drives the requirements for adaptive variables to be supported.

The example illustrates two key aspects of domain alignment. First, it shows how
requirements for domain knowledge can be derived from a top-down analysis, starting
from instructional objectives, all the way down to what is needed from a simulation
environment in terms of data acquisition, scenario elements, and adaptation options.
Second, it shows the dependencies between knowledge concepts across different levels
of support. When these concepts can be computationally grounded and interconnected,
this promotes alignment between supporting algorithms throughout the system.

3.2 Approaches

Related work that involves domain alignment can be distinguished between bottom-up
and top-down oriented approaches. Bottom-up approaches focus more on data strate-
gies, infrastructures, architectures, standards, and tools to manage, represent, and com-
municate domain-related knowledge within learning ecosystems. For instance, in [21],
the authors discuss the need for data-driven learning analytics and explore architectures
and infrastructures for data management that help organizations transform performance
data into actionable insights. Further, data strategies have been proposed that focus on
standards to promote uniform integration of learning technologies. For instance, ADL’s
Total Learning Architecture (TLA) defines data standards for concepts such as observ-
able activity data from learners; training session meta-data; competency definitions;
and learner profiles [22]. Finally, standardization efforts are undertaken within the AIS
community on the definition and interoperability of components in an AIS system, in-
cluding components to manage domain knowledge, track learner data, plan instruction,



and provide user interfaces [23, 24]. Such initiatives are supported by frameworks such
as GIFT that provide tools, methods, and standards for developing AlSs [25].

Top-down approaches focus more on the collaborative process between instructional
designers and engineers on how to model instructional design concepts. For instance,
the need for a human-centered design approach is argued to orchestrate so-called ac-
tionable learning analytics [26]. It focuses on three principles, namely (1) the use of
learning design to derive needs for algorithmic learning analytic (LA) solutions, (2)
grounding educational theories in LA solutions, and (3) facilitating stakeholder in-
volvement in the design process to reflect the needs and values of instructors and train-
ees. Advances in Al technologies also benefit human-centered approaches. For in-
stance, large language models (LLM) can play a role in knowledge acquisition, elicita-
tion and organization of acquired knowledge in computational forms [27]. Further, their
potential is reviewed to support personalization and teacher activities related to gener-
ating automatic feedback, personalized learning tasks, learning content (such as scenar-
ios), and recommenders [28].

In conclusion, effective domain alignment empowers automation capabilities in in-
structional systems. The grounding of domain-specific knowledge and its semantic
alignment throughout the system not only requires suitable data strategies and infra-
structures, but also necessitates a collaborative effort between instructional designers
and engineers, matching instructional needs with technological solutions.

4 Simulation-based Task Environments

Simulation-based training can deliver tailored training programs for trainees in specific
task domains. Compared to live task environments, simulated task environments offer
several benefits for leveraging Al-enabled approaches in instructional systems, partic-
ularly for developing learner models of performance and expert models of behaviors.
Error! Reference source not found. illustrates this notion.
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In the figure, the simulation environment is shown as a mixed human-agent environ-
ment that can be populated with human actors and agent actors. For human actors (e.g.
trainees), human-in-the-loop simulations can effectively measure and capture learner
data, which is needed to develop human learner models of performance. For agent ac-
tors, simulations can be used to learn and deploy expert models of behaviors for various
purposes (as will be described). For both type of actors, the simulation mediates in the
generation of behavior data, where this data can consequently be used for data-driven
Al approaches in the development of either learner or expert models. Below, we elab-
orate on these principles, referencing illustrative related research.

4.1  Learner Models of Performance

Human performance models are used in instructional systems to measure, track or pre-
dict skill development of learners over time. Human-in-the-loop simulations can ac-
quire the learner data required to develop such (personalized) models. To give some
examples, in [29], learner data is collected from trainees across a series of team training
sessions in order to measure team performance progression over time. Bayesian infer-
ence is used to propagate measures from domain-specific performance metrics to
higher-level teamwork competencies. In [15], learner data is collected to develop a pre-
dictive model of skill decay, which is used for time-based scheduling of future training
sessions to maintain personnel currency of complex skills. In related research, agents
are used to simulate human learning on a task. The envisioned application was to em-
ploy simulated learners to computationally derive an optimal part-task training design
for humans on the task [30].

4.2  Expert Models of Behavior

Expert models in simulation-based task environments represent computational models
of performance. Traditionally expert models have often been hand-crafted using rule-
based techniques. More recently, through advances in areas such as deep reinforcement
learning, expert behaviors can also be learned by agents in complex task environments
[31]. Expert models of behavior are used for a variety of purposes in instructional sys-
tems. For instance, in [32], expert models of fighter pilot behaviors are trained using
reinforcement learning from human feedback (RLHF), where tacit expert preferences
are encoded in human-readable form and used for automated assessment or demonstra-
tion learning. Alternatively, expert models are used to represent embodied agents as
virtual role-players. For instance, in [33], agents are trained to support adaptive team
training and influence learning engagement in simulation-based training. Embodied
agents can also assume a tutoring role, exhibiting teaching activities such as through
prompting or using other social learning methods [34].

4.3  The Role of Data

To support the development of data-driven Al approaches for behavior models, such as
described above, the simulation plays a central role in collecting and generating



(learner) behavior data. The simulation can be agnostic to whether such data is gener-
ated by human actors or agent actors. Regarding human learner data, an issue often
faced is that the amount of (historical) data that can be obtained from regular training
sessions is insufficient for training Al algorithms. To address this, researchers have
resorted to alternative approaches. One approach is an organizational one that focuses
on human data collection strategies. This includes, for instance, the organization of
dedicated data collection sessions with students or experts [35], or outsourcing to a
broader audience using (semi-)public online (serious) games to harvest player behav-
iors [15]. An alternative approach is a technological one and uses synthetic data to ad-
dress the data scarcity problem. For instance, data augmentation methods have been
developed to generate new representative behavior data from limited human data sam-
ples [36, 37]. Backwards, synthetic agents have been used to generate synthetic data as
representative human data, for instance to investigate data-driven behaviour modelling
for demonstration learning [38], or to develop activity recognition algorithms for hu-
man behaviors [39].

In conclusion, it is seen that simulation-based task environments enable the devel-
opment of data-driven Al approaches, mediating in human data collection, synthetic
data generation, and providing interactive machine learning environments. Their role
in supporting performance modelling and embodied tutoring in simulation-based train-
ing further empowers automation capabilities in instructional systems.

5 Conclusion

In this paper, we positioned the concept of Augmented Intelligence for instructional
systems as a design pattern for increased instructor support through automation in sim-
ulation-based training. We started by identifying different levels of machine intelli-
gence to support the role of an instructor during an adaptive training cycle. These levels
range from more low-level support, such as measuring trainee performance and adapt-
ing the task environment, to more high-level support, such as performance assessment
and planning instructional action, in correspondence to training objectives. The design
pattern provides guidance on implementing increased levels of support while recogniz-
ing the human role in the process.

Next, we discussed two design perspectives that foster increased levels of support.
The first one highlights the need for effective domain alignment, relating to the ground-
ing of domain knowledge to allow machine understanding of the task domain and in-
structional needs. Key is an alignment of bottom-up approaches that lay the infrastruc-
tural foundation for managing knowledge throughout the system, with top-down ap-
proaches that focus on the role of instructional designers in the design process.

The second perspective highlights the role of simulation-based task environments to
drive Al-enabled approaches for developing behavior models. Human performance
models support the measurement or prediction of trainee performance, whereas expert
models support training through capabilities of automated assessment, virtual role-
players, demonstration learning, or social learning strategies. Simulation-based task en-
vironments facilitate Al-based approaches for these models through data collection,



data generation, and delivering interactive machine learning environments within the
respective task domain.

When projecting on future developments, advances in Al will be instrumental in
enhancing Augmented Intelligence for instructional systems. Recent trends in genera-
tive Al, large language models, or human-directed reinforcement learning show inno-
vative approaches to cater to effective domain alignment, empowering instructional de-
signers to collaborate in the design process, concerning delivering fit-for-purpose train-
ing environments, scenarios, interpretable learning analytics, and personalized instruc-
tion. In parallel, continued advances in immersive and digital twin technologies are
blurring the line between simulated and real-world task environments, such that instruc-
tional aids for simulation-based training will become more aligned with, and accessible
to mixed reality training environments.
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