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ABSTRACT 

 
The rapid advancement and increasing deployment of autonomous systems across various operational domains present new 
challenges for operator training and competency development. As these systems become more intelligent and integral to 
mission success, there is a growing need for training that effectively prepares operators to collaborate with them. However, 
developing the necessary training curricula can be time-consuming, requiring instructors to align competency requirements 
with different system complexities and potential scenarios the operator may experience.  
 
This paper presents a methodology for algorithmic curriculum development driven by sources of complexity for a given 
system. These complexity sources are described by defining context scenarios relevant to the human-machine teaming 
operation. Our approach identifies complexity factors within the system that influence cognitive load, then uses them to 
generate an initial training curriculum that builds up complexity in a simulated environment to develop operator capabilities. 
 
The methodology incorporates physiological biometric measures of cognitive load and self-reporting of task complexity 
throughout the training process. By leveraging this data, alongside the operators' performance, the curriculum adjusts 
environmental complexity in the simulation between scenarios to balance cognitive load, promoting efficient skill 
acquisition and competency development. 
 
This adaptive curriculum approach aims to ensure that trainees are neither cognitively underloaded nor overloaded to 
maintain an appropriate pace of personalised training. The paper discusses the application of this methodology within a 
multi-agent human-machine teaming framework, demonstrating how adaptive complexity management can be used as a 
basis for curriculum development and training within simulated environments. 
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INTRODUCTION 
 
As autonomous systems grow more capable, the nature of human-machine interaction is shifting from traditional 
control toward collaboration. This paradigm shift is a move from conventional human-operated systems to Human-
Machine Teaming (HMT), where humans and autonomous agents, with varying degrees of independence, work 
together toward shared goals. 
 
This shift requires individual operators to manage greater complexity but can increase their impact, however, it also 
introduces the possibility of higher cognitive workload due to increased information and decision volume (Paas et al., 
2022). Managing this complexity requires the delegation of some decisions to autonomous systems, which in turn 
depends on the development of trust, a necessary component in team performance (Hartzler et al., 2023). Training 
must therefore move beyond static skill acquisition to promote adaptability, trust, and shared mental models. 
 
Human-Machine Teaming is a natural evolution of Human Computer Interaction (HCI). Building on insights from 
HCI where the emphasis was on usability and interface design, HMT reframes machines as proactive teammates rather 
than passive tools (Seeber et al., 2020). This transition builds on long-standing findings in HCI that humans apply 
social norms to computers, treating them as social actors (Reeves & Nass, 1996). Recognizing this, contemporary 
autonomous systems are now designed to display socially intelligible behaviours such as communication through 
natural language and offering transparency to build trust and foster collaboration (De Visser et al., 2018). 
 
Effective teaming relies on principles like observability, predictability, and directability (Mcdermott et al., 2017), and 
draws from interdisciplinary research that bridges computational models with social and cognitive sciences (Neerincx, 
2007). Training systems must now equip operators with the cognitive, technical, and interaction skills required for 
collaboration with intelligent systems. Simulations and scenario-based training should expose users to shared 
autonomy, dynamic role negotiation, and effective human-AI communication. This work aims to produce a general 
methodology to develop a modular training approach that adapts across contexts, preparing the next generation of 
operators to manage increasingly complex, collaborative environments. 
 
Many defence forces still have a ‘production’ model of education, where an instructor delivers a set curriculum in a 
prescribed time using resources that are rarely synthetic or virtual and are used as a tool to support the instructor's 
experience. In such instances of training, time is the constant and competency is the variable dependent on aptitude, 
ability, and engagement. Purely from a pedagogical perspective, the model should change to one where competency 
is the consistent outcome, recognising student variability and time as commodities, particularly in areas such as 
defence, where competency is paramount. This presents a challenge to organisations with limited instructors, 
constrained scheduling ability, and a need for high levels of performance or competency. To further compound the 
weakness of the ‘production’ model, there is limited familiarity in the instructor cadre of operational experience of 
advanced autonomous systems. Additionally, the practical curriculum in using synthetic devices needs to be informed 
by training needs analysis, which requires operational input that is currently limited. The curriculum also needs to be 
informed by training media analysis, which is lacking in both autonomous systems experience and in exploiting self-
paced and adaptive learning techniques.  
 
Two further issues limit the continued use of the production model with HMTs. Firstly, the knowledge of instructors 
is limited by a lack of practical experience with autonomous systems, with those who are experienced needing to 
provide optimal front-line availability. Secondly, the current and future student demographic has been educated in the 
online world, used to self-paced learning, and tuition models that more often follow a ‘flipped classroom’ mode, use 
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of sophisticated computer games and learning by gamification, along with AI-assisted learning science embedded in 
common delivery platforms.  
 
The recruitment and training of these autonomous system users must recognise the varying prior skills and abilities of 
students, their engagement and motivation to remain in the training system and not be lost to costly attrition. The 
current production model of ‘one size fits all’ is inadequate, and a tailored approach to competency development is 
required. 
 
To tailor learning to individual progress, adaptive training systems are increasingly being used. These systems monitor 
performance and cognitive load to adjust task complexity or instructional content (Shute & Towle, 2003). Adaptive 
training could be particularly relevant for HMTs, where the interaction between human and AI agents can vary widely 
depending on autonomy levels, mission phases, and the roles where levels of control may vary depending on the 
cognitive load. 
 
Cognitive Load 
 
Cognitive load is defined as the burden placed on the working memory during problem solving or learning (Sweller, 
1988), it is a critical factor in designing effective training and operational HMTs. When developing training, the 
working memory, responsible for learning new concepts, is limited and can be overwhelmed if it is overloaded with 
information (Cowan, 2001), making cognitive load management essential for effective learning, decision-making, and 
performance in complex environments. Cognitive load is typically divided into three types (Sweller et al., 2011), 
intrinsic load, stemming from the inherent complexity of the task; extraneous load, caused by suboptimal information 
presentation or environmental distractions; and germane load, representing the mental resources dedicated to learning. 
Effective instructional and interface design aims to minimize extraneous load in order to free up cognitive resources 
for germane load, allowing learners to focus on understanding, organizing, and integrating new information into long-
term memory. 
 
Appropriate assessment and monitoring of cognitive load is required to accurately tailor HMT systems and behaviour 
to human capabilities and modulate training difficulty. Physiological indicators offer a method for real-time 
measurement, as cognitive effort produces a response from the Autonomic Nervous System (ANS), leading to 
measurable changes in the physical state. Metrics such as Galvanic Skin Response (GSR), Heart Rate Variability 
(HRV), and Interbeat Intervals (IBI) have been positively correlated with mental workload and can act as an indirect 
measure of cognitive load  (Ahram & Karwowski, 2016; Nourbakhsh Nargess et al., 2013; Veltman & Gaillard, 1996). 
Additional indicators include ocular activity (Iarlori et al., 2024), respiratory patterns (Grassmann et al., 2017) and 
neurophysiological signals such as EEG (Fernandez Rojas et al., 2020) can also offer insight into real-time cognitive 
states. 
 
In HMT contexts, particularly in high-risk or time-sensitive environments, managing cognitive load can enhance 
system performance (Lindenberg & Neerincx, 2008). Systems grounded in cognitive load theory have demonstrated 
success and increased efficiency in human-centered automation and supervisory control of multi-agent teams (Peters 
et al., 2012). Emerging machine learning methods further enable adaptive interfaces capable of detecting and 
mitigating operator overload in real time (Jo et al., 2023; McKendrick et al., 2019). Accounting for the operator's 
cognitive load can be beneficial to the safe and effective deployment of collaborative autonomy. 
 
Training in Human-Machine Teaming 
 
Training for HMTs must evolve to address technical and collaborative competencies as robotic and autonomous 
systems increasingly support complex missions. Current training often focuses on the operation and control of robotic 
platforms, requiring learners to develop familiarity with interfaces and management of a robotic platform. In domains 
such as aviation, defence, and surgery, simulation-based training has demonstrated benefits as   a cost-effective and 
scalable method for skill acquisition, offering exposure to high-risk, high-complexity scenarios without actual risk of 
harm (Cook et al., 2011). This makes the use of simulation as a training tool an ideal option for the rapidly changing 
HMT environment. 
 
Simulation is particularly valuable in contexts where real-world experience is limited or potentially hazardous. In 
surgical education, simulation has been linked to improved procedural outcomes and safer performance, especially 
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when trainees practice on virtual or robotic systems before clinical exposure (Manalo et al., 2021). These findings 
highlight the potential of simulation for HMT training, where understanding the behaviour, limitations, and failure 
modes of autonomous systems is essential and cannot always be experienced in reality. Serious games are another 
developing area that provides interactive digital environments designed for education and skill development. They 
have been successfully used in military and healthcare training to engage learners in scenario-based tasks that foster 
decision-making, adaptability, and collaboration (Graafland et al., 2012).  
 
As AI systems take on more agent-like roles (agentic-AI) within teams, training for HMTs begins to overlap with 
established practices in human-human team training. Concepts such as shared mental models, team communication, 
distributed cognition, and role flexibility are being considered from the perspective of human-AI collaboration 
(McNeese et al., 2018). This underscores the need for an approach that blends system operation, cognitive load, social 
understanding, and adaptive training design. 
 
Vignettes and Futures Studies 
 
The value of vignettes as structured thought experiments has been shown across domains, including engineering 
design (Card et al., 1991), technology foresight (Boon & Park, 2005) and defence planning (Ritchey, 2006). Their 
utility in these contexts demonstrates the potential of scenario-based analysis not only for envisioning possible futures 
but for shaping the requirements of future training programs. For HMTs, this approach provides a way to overcome 
the current limitation of a lack of mature human-machine team systems and how to prepare human operators for roles 
that will demand new ways of operating. One method, General Morphological Analysis (GMA), enables the 
systematic exploration of a problem space by identifying all possible configurations of a system defined by a set of 
key mutually exclusive dimensions (Johansen, 2018). 
 
In applying GMA to the HMT training context, we produce a wide range of potential systems, vignette development 
then becomes a valuable tool to develop our understanding of these configurations. In this case, a vignette describes 
an example of the system being applied in a potential environment. Such vignettes offer a controlled means to 
prototype teaming concepts, explore trust calibration, cognitive load management, and adaptive task allocation under 
varied future conditions (Pincombe et al., 2013). The configurations determined from GMA and the vignettes in which 
they are considered can be further guided using other approaches from futures studies, such as vignette development, 
where multiple plausible future operational environments are constructed to contextualize system performance, shape 
design requirements, and anticipate emerging challenges (Bishop et al., 2007). 
 
METHODOLOGY OVERVIEW 
 
Conventional approaches to instructional development often rely on task needs analyses grounded in known job 
functions, working with well-defined system specifications. These methods assume clearly defined roles and static 
operational contexts, allowing for the identification of required skills and curriculum development (Mulder, 2012). 
However, in rapidly evolving domains where future conditions remain uncertain, such static methodologies may not 
be sufficient. To address this, we developed an alternative approach designed to identify the complexities and 
underlying skill requirements associated with potential system configurations. This approach allows us to manage the 
dynamic nature of emerging HMTs and support the development of training solutions that remain relevant and 
effective across a range of possible futures.  
 
This work proposes a methodology to develop training schemes for HMTs, the process for which is shown in Figure 
1. The approach has been considered from a system-agnostic perspective and then illustrated using an example of 
controlling a swarm of autonomous vehicles in a shepherding context. To determine the capabilities and training 
requirements of a human operator in a human-machine teaming, we initially considered the range of possible systems 
and reduced this to a single high-level system description. This system description is then used to define possible 
environments in which it could be implemented and determine the skills the operator must possess. From these skills, 
we define the training framework to allow operators to build the necessary competence.  
 
The output of this methodology is a curriculum and the description or development of a training environment capable 
of the procedural generation of training scenarios to build the required capabilities in the operators while reducing 
instructor workload. The curriculum developed can be adapted based on operator capability, allowing us to move 
towards an individualised competency-based training approach.  
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Figure 1: Flow diagram describing the proposed training curriculum development procedure for Human-Machine Teaming  

Human-Machine Team System Description 
 
The initial stages of the process focus on developing a more detailed system description. The range of potential human-
machine team systems is incredibly broad, and the training requirements for operators will vary significantly based 
on the system. In this stage, several dimensions for HMTs that are mutually exclusive are described and used to 
develop a range of potential systems through a systematic and traceable process.  
 
This range is then trimmed to a more manageable number based on what is possible and logical, and clustered based 
on their similarity, defining potential types of system to move forward with. This is based on a GMA as discussed 
previously, which uses a cross-consistency matrix to remove impossible or illogical combinations of dimensions 
within our system descriptions. Within each type of system that has been described, there can be variations, and our 
description should be used as a guide for the vignette development in the next steps of the process. If the system is 
already under development or has been developed, then this stage can be skipped, or the focus can be on the known 
system capabilities. 
 
Skill and Complexity Analysis 
 
Using the system description, we develop vignettes to provide additional context to the system, specific mission 
profiles, operational environments, team structures, system roles, and control approaches may be considered. By 
considering the system in context, we can understand what an operator in this type of HMT might experience and 
develop an understanding of the training needs. 
 
Once a vignette has been defined, we determine the sources of complexity within that environment. We consider 
sources of complexity to be aspects of the environment that make achieving the goal challenging, for example, 
navigating a remote ground vehicle through an environment is made more challenging by the inclusion of hazardous 
terrain. Therefore, a source of complexity in this vignette may be the inclusion of obstacles. This process should be 
approached iteratively and can be considered for several variations of the system, improving the understanding of the 
general complexities of operating as part of this type of team. By considering the HMT in a range of contexts, we can 
determine the skills that underpin successful operation. These distinct skills can then be related to the sources of 
complexity that impact the level of skill required to manage a scenario effectively. 
 
Curriculum Development and Adaption 
 
With an understanding of the skills, complexity, and a broader understanding of how a system of this type may be 
used from the vignettes, we can consider the training curriculum development and simulator design. This curriculum 
and simulator are designed with automatic scenario generation as the basis for training, where a scenario describes a 
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particular instance of this system in an operational environment or training case. By coupling the skills and complexity 
sources, we can define the necessary complexity combinations that can be used to develop the required competencies.   
 
In this approach, we describe each complexity as a dimension of the scenario space, each scenario can then be 
described by its position in this space. This allows us to develop a route through the scenario space using path planning 
approaches such as Dijkstra’s algorithm. The initial curriculum developed this way is described as a route through the 
scenario space, providing the skeleton for our operator training, ensuring the training progresses in a logical manner, 
and the required competencies are developed.  
 
By measuring task performance and the cognitive load of trainees in a manner appropriate for the system, we can 
adjust the complexity of the generated scenarios for the individual. As the training environment allows for automatic 
scenario generation based on the complexity description from the curriculum, we can produce an individual training 
program based on the trainee's capabilities. By personalising the pace of training to cater to the individual, we can 
maintain engagement and ensure enough cognitive resources are available to allow learning to take place effectively.  
 
Training Environment Development 
 
This process allows us to produce a modular training environment for our system and develop the competencies 
required to manage the determined complexity sources. We structure a training environment as four distinct 
components: a curriculum generator, a scenario simulator, a Human-Machine Interface (HMI), and a curriculum 
adaptation engine. Each component can be modified or adjusted without impacting the other systems, assuming they 
are compatible with the inputs and outputs from the other components. The system is designed to allow components 
to be reused in different contexts or modified for changing circumstances without having to develop an entirely new 
system. The flow through the environment described is displayed in Figure 2. 
 
 
 
 
 
 
 
 
 
 
 
 
EXAMPLE IMPLEMENTATION 
 
Here we provide an example to demonstrate an application of our methodology. Throughout this example, we discuss 
a possible approach to each step in the methodology and follow the process to the development of an example training 
environment. This is just one possible approach to implementing this methodology for one use case. It is meant to 
offer some guidance on the implementation for possible applications. 
 
Human Machine Team System Description 
 
To determine a HMT description we consider the assumptions and differentiating factors within the system space. 
Here, we assume that there is a single human operator in the team, and the intelligence-based autonomy levels are in 
line with the levels described by (Sheridan & Verplanck, 1978) and are technologically achievable. The dimensions 
used to describe our system are described in Table 1. 
 
The dimensions describe: the density of the agents, expressing how closely these agents collaborate on tasks, and their 
general physical distribution from each other. The number of hardware agents in the team ranges from a single 
collaborative teammate to a swarm of a significant scale. The relative location of the operator impacts the level of 
awareness and ability to intervene under difficult conditions. The level of automation the agents are capable of, and 
the position of the intelligence in the system, describe where the intelligence sits within the system, which may impact 
the operations based on additional conditions in the environment. 

Figure 2: The flow experienced by a trainee using the training environment 
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Table 1: Human Machine Team Dimensions. 

 
From these dimensions, there is a total of 243 possible 
configurations in our HMT design space. We reduced the 
number by eliminating logically inconsistent or impossible 
combinations using a Cross-Consistency Matrix (CCM), 
shown in Figure 3. For example, a high number of low-
autonomy agents that would overload the operator and single-
agent systems labelled as high-density were excluded. After 
removing these configurations that include conflicting pairs, 
62 valid configurations remained. These were then grouped 
using K-modes clustering into six distinct clusters. 
Configuration 1, shown in Table 2 was selected, featuring a 
medium-sized swarm of highly autonomous agents managed 
remotely. 
 
Table 2: System Configuration List 

 Density Hardware Agents Operator Location Automation Level AI Position 
1 Med 2 – 20 Fully Remote 7 Agent 
2 High 20+ In Region 7 Interface 
3 Low 1 In Region 5 Controller 
4 Low 20+ Fully Remote 7 Controller 
5 Med 2 – 20 Line of Sight 5 Controller 
6 Low 2 – 20  In Region 7 Agent 

 
Contextual Vignette and Complexity Sources 
 
Given the description of the HMT we have previously determined, we need to then develop a contextual vignette for 
this HMT. Through this, we develop a deeper understanding of the concept of operation for this system, as well as the 
complexities in the environment.  
 
Example Vignette: Consider an environment where several Uncrewed Underwater Vehicles (UUVs) have been 
distributed to collect samples in a region. These vehicles lack significant communication capabilities, so they can only 
be communicated with when within a short range. To control them, a control agent, a Uncrewed Surface Vessel (USV), 
must navigate the environment and collect them to guide them back to their collection point. These agents, once within 
communication range of another UGV, remain in communication range and can be navigated together, acting as a 
herd. The environment they are sampling is littered with obstacles and hazards that they must automatically avoid for 
safety reasons. 
 
From this vignette, we can consider the sources of complexity in the environment that would make completing this 
task more challenging. They were determined to be the number of agents that need to be collected, their spatial 
distribution, the number of obstacles in the environment, and the scale of those obstacles. Given the simple 
environment we are describing, these are the four sources of complexity that drive the intrinsic load the operator would 
experience. 
 
In this example, there are two primary skills we can determine are required for this task: collecting and driving. 
Collecting is efficiently herding the agents together to be guided to the desired location, and driving is effectively 
navigating the control agent and the herd to the desired location. Both skills require other subskills such as mission 

Density Hardware Agents Operator Location Automation Level AI Position 
Low 1 Line of Sight 3 Agent 
Medium 2 – 20 In Region 5 Controller 
High 20+ Fully Remote 7 Interface 

Figure 3: Cross Consistency Matrix with red 
highlighting inconsistent or impossible pairings 
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and route planning, spatial awareness, and effective vehicle control, however, these two skills give us measurable 
metrics we can use to assess operator performance and can be directly related to the sources of complexity.  
 
Curriculum Development 
 
To structure the training curriculum, we define a scenario space based on the complexity sources determined from the 
vignette and represent them as a vector of complexity values: [number of agents, spatial distribution, obstacle density, 
and obstacle scale]. We also describe the skills or competencies that must be developed as a combination of these 
complexities. In this case, the skills determined are collecting and driving. The collect skill is primarily affected by 
the number of agents and their distribution, and the driving skill is affected by the number of agents, the number of 
obstacles, and their size. Each source is rated on a scale from 0, minimally present in the scenario, to 4, highest likely 
prevalence. This allows scenarios to be represented as vectors, for example, [2,2,0,0] indicates moderate collecting 
complexity due to the number of agents and their distribution with minimal environmental challenges, while [2,0,2,2] 
shifts focus to navigation and control skills for the driving competency.  
 
We model the scenario space as a graph where each node is a scenario vector, and edges represent incremental changes 
(±1) in complexity. Using Dijkstra’s algorithm, we generate an optimal learning path from a baseline scenario [0,0,0,0] 
to a final competency goal [4,4,4,4], incorporating key intermediate waypoints, such as [3,3,0,0] for collecting and 
[3,0,3,3] for driving. Additional constraints can guide the curriculum’s progression. We penalize abrupt increases in 
scenario variance to promote gradual skill acquisition, and heuristics remove steps that decrease overall complexity. 
This leads to the developed curriculum described below.  
 
[(0, 0, 0, 0), (0, 1, 0, 0), (1, 1, 0, 0), (1, 2, 0, 0), (2, 2, 0, 0), (2, 3, 0, 0), (3, 3, 0, 0), (3, 2, 0, 1), (3, 1, 1, 1), (3, 0, 1, 2), 
(3, 0, 2, 2), (3, 0, 2, 3), (3, 0, 3, 3), (3, 1, 3, 3), (3, 2, 3, 3), (3, 3, 3, 3), (3, 3, 3, 4), (3, 3, 4, 4), (3, 4, 4, 4), (4, 4, 4, 4)]. 
 
Training Environment Overview 
 
The example training environment developed for this 
context is shown in Figure 4-1). In this environment, 
we see several entities displayed, some of which are 
using NATO joint military symbology (Beckman, 
2025). In the figure, A) represents the goal location, 
which is the area where the autonomous agents are 
being guided to by the control agent. The symbol 
shown in B) represents the control agent, which is 
directly controlled by the operator and is used to herd 
the autonomous agents in the environment. The 
autonomous agents, represented at C, are guided by the 
actions of the control agent, they avoid obstacles and 
each other, and have herding behaviours when within 
a set distance of other autonomous agents. D) shows an 
environmental hazard that the autonomous agents 
avoid, however, the operator must direct the control 
agent to avoid them. Each scenario has a time limit to 
add additional load to the operator, this time limit is 
derived as a function of the overall complexity level of 
the scenario. The scenario ends when the autonomous 
agents have all reached the goal location or time runs 
out. The performance measures being used are the 
overall time to complete the task or the task completion 
percentage in case of failure.  
 
The Human Machine Interface (HMI) for our 
environment is a noise-free, fully observable environment (i.e. full situational awareness display) where the operator 
has a clear picture of the overall environment, including the location of the goal, all obstacles, and all autonomous 
agents. It provides minimal external information and gives no information on the agents beyond their position in space. 

Figure 4: Two Examples of the Training Environment with 
Image 1) showing an example scenario showing A) the Goal, 
B) the Control Agent, C) the Autonomous Agents to be 
herded, and D) an Environmental Hazard, and Image 2) 
showing an example of an Assessment Scenario 
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Alternative HMIs would impact how the operator interacts with the environment and could be applied to describe 
different scenarios.  
 
Within our environment, we have included the capacity for predefined scenarios, allowing a consistent tutorial section, 
ensuring all trainees experience the same information before starting the curriculum, and predefined assessment stages 
to ensure consistency of experience across trainees. The environment displayed in Figure 4-2) shows an assessment 
stage further along the curriculum with a higher level of complexity. The positions of the obstacles, agents, and goal 
are all predefined in the environment to allow consistency in the evaluation of trainees at this point in the curriculum.  
 
Curriculum Adaption 
 
When developing the training environment, due to the procedurally generated nature of the scenarios, no lesson outside 
of the tutorial or assessments is predefined, which gives us the capacity to adjust the scenarios for the individual. The 
initial curriculum provides a route or heading to develop the competencies required, however, as individuals grow 
accustomed to different complexities or struggle with the cognitive load of the environment, we can adjust the pace 
and specifics of the training program they experience.  
 
The adaption engine uses Heart Rate Variability (HRV) and Galvanic Skin Response (GSR) as physiological 
indicators of the load experienced during this scenario. Following each scenario, the operator is then given a NASA-
TLX to self-assess their cognitive load. These values are normalised and combined to produce a single cognitive load 
value. This value, alongside an overall task performance metric, are inputs to determine if or how the next scenario 
should deviate from the curriculum for this individual. In this example system, a simple model has been used to 
describe the approach to adaption. Depending on the regions displayed in Figure 5, where the operator's performance 
and cognitive load fall after each scenario, the curriculum is adapted in a pre-described way based on Table 3. As the 
operator progresses through the curriculum, it will adapt to meet their training needs, moving quickly through areas 
they excel at and slowing to develop skills in the areas requiring more development. Developing a coaching system 
to understand why the operators are succeeding or failing sits outside the scope of this work, but would be beneficial 
to implement alongside an adaptive simulation environment. 
 
Table 3: Adaption based on Cognitive Load and Performance state 

 
 
DISCUSSION 
 
The purpose of this work is to improve preparedness for working in human-machine teaming environments, which 
will develop and shift over the coming decades. This work is focused on developing a way to determine and develop 
the general competencies required for different HMTs, even if the precise use case or mode of operation is unknown, 
and doing so in a flexible, adaptable, and individual way. The approach is centred on defining the overarching sources 
of complexity that can be considered across contexts and industries, and defining the skills required as a combination 
of these complexities. Describing the environment in this way provides the opportunity to build a modular training 
environment that can be adjusted to the organisational needs, changing system capabilities, interfaces and developing 
environments without requiring trainers to develop new curricula manually.  

Region  Curriculum adaption 
1 Repeat scenario – explain the goal 
2 Repeat scenario – explain tasks and skills 
3 Step back through the curriculum to the last achievable 

complexity state or return to the tutorial 
4 Step forward through the curriculum 
5 Maintain overall complexity, adjust scenario based on 

which skill performance is limiting overall performance 
6 Reduce complexity. Focus on maintaining complexity in 

the skill performance that is limiting success 
7 Step forward through the curriculum 
8 Half-step forward through the curriculum 
9 Reduce complexity. Focus on maintaining complexity in 

the skill performance that is limiting success 
Figure 5: Grid displaying different operator state 
regions based on performance and cognitive load 
throughout a scenario 
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Throughout this work, we have described an approach to instructional design that does not require a specific job role, 
well-defined task, or concrete application. By extracting the complexities and skills from contextual vignettes, we can 
begin to develop our understanding of what it means to be part of these teams and infer the capabilities and tasks that 
will be required. This approach to describing the complexities as individual dimensions in an N-dimensional space 
opens up opportunities to apply path or trajectory planning approaches to curriculum design. Using these complexity 
dimensions as inputs to procedural simulation environments provides an easily modifiable approach to implementing 
this curriculum, and integrating this with cognitive load measurement of the trainee allows highly personalised training 
to ensure the necessary competencies are reached. 
 
The primary limitation of this approach originates from the qualitative nature of determining the complexities in the 
environment. The complexities described may differ based on the perspectives of different training developers. This 
can have significant downstream effects and highlights the importance of getting relevant stakeholders involved in the 
training development process, as well as iterating on the context scenarios and considering a wide variety of potential 
environments, objectives, and purposes of the HMT. If the complexity sources used as the basis for curriculum and 
simulator design are lacking, then the overall training environment may not be fit for purpose, and the curriculum and, 
more significantly, the simulator may have to be updated.  
 
While the focus of this work was on the development of adaptive computer-based training for HMTs, the principles 
described here could also be applied to real-world scenario-based training approaches not focused on HMTs. If the 
sources of complexity can be described sufficiently, a valid curriculum and scenario generation system may be able 
to generate useful training scenario descriptions for trainers where the simulation component takes place in a physical 
environment.  
 
Additionally, by developing this modular training environment, we can provide a useful research testbed, which allows 
us to assess different HMIs, the effectiveness of different curricula, and a range of approaches to curriculum 
personalisation, all for a single simulation system. Or we could apply a previously built curriculum generation, HMIs, 
and adaption mechanism to a different scenario simulation environment, reducing workload for those developing and 
delivering the training. 
 
Ultimately, by shifting the focus from specific roles to the underlying complexities of operating as part of a human-
machine team, this methodology provides a flexible and adaptive approach to training design that can evolve alongside 
the technological and operational demands. 
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