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ABSTRACT
The integration of automation technologies and artificial intelligence into production and logistics is
transformingworkorganisation for humanandmachine agents. Beyond the scopeof classical collab-
orative task allocation problems, studies on social aspects, especially themutual learning of humans
and intelligentmachinesduring interactions, remain scarce. By enhancing cyber-physical production
and logistics systems to become intelligent, learnable, and social, human–machine symbiosis can be
fostered to enhance their complementary strengths. Despite studies addressing the potential of this
bidirectional learning process in the form of reciprocal human–machine learning (RHML), this con-
cept remains ambiguous and lacks a comprehensive knowledge base in production and logistics.
Therefore, in this study, a systematic literature review was conducted to gather and categorise the
existing knowledge on RHML in different disciplines. Further, efforts were made to (i) consolidate
existing design components of RHML into a taxonomy; (ii) describe current design patterns of RHML
with classified RHML archetypes; and (iii) apply the resulting taxonomy and archetypes to discuss
the potential of RHML concepts in production and logistics. This interdisciplinary approach aims to
extend the existing design concepts in cyber-physical production and logistics systems. In addition,
initial discussions on the future research agenda are provided.
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1. Introduction

Recent technological advancements in automation tech-
nologies and artificial intelligence (AI) have attracted
attention for (re)designing production and logistics sys-
tems. The inclusion of technologies in originally manu-
ally operated systems has led to different forms of inter-
actions (Hentout et al. 2019): (i) coexistence: sharing a
workspace without common tasks; (ii) cooperation: shar-
ing the same working purpose while fulfilling time and
space requirements; and (iii) collaboration: performing
complex tasks with direct interactions. Based on these
system settings, as confirmed by various literature review
studies (e.g. Sauer, Burggräf, and Steinberg 2025b; Simões
et al. 2022), cognitive and social processes remain largely
unaddressed at present. In particular, the learning pro-
cess, which stems from psychology (Gross 2012), is yet to
be studied further in the industrial context.

Notably, based on the existing literature focusing on
(human or machine) learning in the industry, efforts
have been made to enable knowledge sharing and trans-
fer between humans and machines to achieve tight,
close, and harmonious relationships between human and

CONTACT Eric H. Grosse eric.grosse@uni-saarland.de Chair of Digital Transformation in Operations Management, Saarland University, Campus,
66123, Saarbrücken, Germany

machine agents (human–machine symbiosis; see Pacaux-
Lemoine and Trentesaux 2019; Wang et al. 2019). For
instance, a recent literature review (Zheng et al. 2024) dis-
cussed the feasibility and potential benefits of AI-driven
assistance, with a focus on knowledge transfer in produc-
tion and maintenance procedure training. In fact, such
unidirectional knowledge transfer has been conceptu-
alised and adopted in recent studies in production and
logistics. In particular, human learning assisted by intel-
ligent tutoring or learning assistance systems is referred
to as computer-in-the-loop (CITL) learning (Shneider-
man 2020), whereas human-in-the-loop (HITL)machine
learning (ML) focuses on optimising ML by leveraging
human feedback (Wenskovitch and North 2020). The
preliminary adoption of these concepts has created new
research opportunities and practical benefits in terms of
both human-centricity and system efficiency (e.g. HITL:
Cimini et al. 2020; CITL: Zheng et al. 2024).

Therefore, an industrial system involving human and
machine agents to linkHITL andCITL could be designed
to create mutual benefits by fostering social behaviour
based on various forms of human–machine interaction
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(HMI), as mentioned above. The key is to enable a bidi-
rectional learning process between these two agents to
form reciprocal human–machine learning (RHML). Sev-
eral former studies have already discussed similar issues,
a brief description of which follows. An initial definition
of RHML can be found in the conceptual work of Ansari
et al. (2018b), who also summarised the potential ben-
efits of RHML in modern smart factories, e.g. efficient
task conduction (short-term), optimal task assignments
(mid-term), and an improved understanding of theman-
ufacturing process (long-term). The authors pointed out
that a bidirectional learning process between human and
machine agents is a key feature of RHML, as opposed to
the unidirectional learning processes in HITL and CITL.
The first use cases were envisioned by Ansari, Erol, and
Sihn (2018a). An illustrative example of RHML in in-
house transportation processes was provided by Ansari,
Erol, and Sihn (2018a), who suggested that knowledge
transfer between human workers and autonomous vehi-
cles can leverage the strengths of both parties and con-
tribute to continuous routing optimisation. For instance,
whereas humans can inform vehicles about changes in
infrastructure layouts, the vehicles can map real-time
traffic conditions and detect unplanned obstacles using
laser arrays. Another example can be found in assem-
bly processes involving both humans and robotic arms.
In this case, humans can teach specific movements to
robots through sensory input, while the robots can
analyse human activities to identify; for example, more
efficient task sequences, thereby enabling bidirectional
learning between human andmachine agents. To provide
an overview of the RHML concepts in production and
logistics, Nixdorf, Ansari, and Schlund (2022a; 2022b)
reviewed the literature on small sample sizes and con-
tributed to the development of the conceptual under-
standing. Nevertheless, reviews of the current state of
the art remain limited, particularly for applications in
production and logistics. Moreover, comprehensive def-
initions of RHML, instantiations of RHML in practice,
and descriptive design knowledge are limited. There-
fore, considering industry technological readiness and
advancements in AI and learnable technologies, the fea-
sibility of RHML in industrial practice remains under-
explored. Consequently, identifying potential pilot study
fields is crucial for determining the technological and
non-technological RHML requirements in production
and logistics.

Inspired by the aforementioned motivation, the cur-
rent study intends to take a further step towards provid-
ing a comprehensive RHML framework that describes
various potential application scenarios in production and
logistics involving the bidirectional learning process. To

achieve this, the following research questions (RQ1–3)
are presented:

• RQ1: What design knowledge on reciprocal human–
machine learning exists across academic disciplines?

• RQ2:How can this interdisciplinary reciprocal human
–machine learning knowledge be structured and con-
ceptualised?

• RQ3:What are the potential benefits of applying recip-
rocal human–machine learning in production and
logistics, and what avenues for future research can be
identified?

The formulation of the research questions (particu-
larly RQ1) is based on the fact that RHML is yet to be con-
ceptualised in production and logistics, whereas numer-
ous initial empirical case studies have been conducted
in other disciplines. These studies and their proposed
design knowledge are yet to be examined in terms of
their applicability in production and logistics. Thus, our
approach to answering RQ1 is to conduct a systematic lit-
erature review (SLR) without restricting the discipline to
gather RHML design knowledge. The rationale behind
this approach is to identify the existing explicit knowl-
edge (Kalpič and Bernus 2006), which is formal, system-
atic, and objective, while the current stage of RHML dis-
cussion in production and logistics remains tacit knowl-
edge, and hence, not comprehensive (see Section 2). To
leverage interdisciplinary knowledge transfer, the ‘cod-
ification’ of knowledge (Dickhaut et al. 2022), as gath-
ered from the SLR, is realised by the development of
an RHML taxonomy and the identification of common
RHML archetypes (RQ2). In particular, design compo-
nents were derived from the sampled studies and clas-
sified into four categories: system, interaction, task, and
learning. Based on this classification, an RHML taxon-
omy was developed (see Section 4 and Appendix D). A
combination of design components in the taxonomy was
further summarised to build four archetypes (see Section
5.1), revealing state-of-the-art RHML design patterns.
Finally, RQ3 provides a forward-looking perspective on
how to apply the RHML design knowledge in produc-
tion and logistics (see Section 5.2), based on which a
future research agenda is systematically developed (see
Section 5.3).

The remainder of this paper is organised as follows:
Section 2 discusses the relevant terminologies, outlin-
ing the step-by-step conceptual development of RHML,
which mainly includes human and machine learning,
CITL, and HITL. An SLR was conducted to answer RQ1,
the methodology of which is described in Section 3.
Section 4 presents the results of the SLR structured by the
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Table 1. Core concepts of RHML.

Core concept Working definition References

Human learning Permanent change in behaviour Thorndike (1932)
Machine learning Improving performance over time Russell and Norvig (2021)
HITL learning Human supervises machine learning Monarch (2021)
CITL learning Machine assists human learning Shneiderman (2020)
Hybrid intelligence Integration of HITL and CITL Dellermann et al. (2019b)

four descriptive principles of RHML, as listed in Table 1.
Common characteristics of RHML design in the sam-
ple are identified and summarised into a taxonomy (see
Appendix D). Section 5 presents a reconceptualization
of RHML, defining four RHML archetypes of common
design patterns resulting from the sampled papers in
the SLR (RQ2). This outlines the systematic derivation
of potential RHML applications and the future research
agenda in production and logistics (RQ3). Section 6 con-
cludes the paper, conceptualising RHML and the knowl-
edge transfer of RHML system design across disciplines
to production and logistics.

2. Background and terminologies

2.1. Human andmachine learning in interaction

Learning is a natural behaviour of human intelligence.
However, the scholarly understanding of this behaviour
is captured in various descriptive theories that lack a
uniform understanding of the biochemical, psycholog-
ical, and social processes involved. Human learning is
understood as a permanent change in human behaviour
resulting from experience (Thorndike 1932), irrespective
of external stimuli (i.e. behaviourism), internal cognitive
processes (i.e. cognitivism), or individual differences.

Humans learn individually by interacting with their
environment. In social interactions with humans, e.g.
by sharing information or through imitation actions,
learning is described according to the social learning
theory (Bandura and Walters 1977). Based on this the-
ory, Vygotsky suggested that a ‘spiral of development’
can be recognised in social learning behaviour (Vygotsky
1981). Bidirectional learning has been described in vari-
ous instances, such as ‘reciprocal teaching’ and ‘reciprocal
learning’ (Carrington 2004; Jörg 2004; Noël et al. 2013).

ML itself is not ‘natural’ to AI, as only some AI can
learn, i.e. by replicating aspects of human learning capa-
bilities (Russell and Norvig 2021). ML is typically speci-
fied as a set of methods, which rely on (1) training data
with different levels of supervision (supervised ML), (2)
iterative improvements in rewardmetrics (reinforcement
learning; RL), and (3) the reduction of dataset labels
(unsupervised learning). Overall, ML can be understood
as the ability of machines to improve their performance
over time based on experience (Russell andNorvig 2021).

Similar to human social learning, learning between AI
systems in multi-agent systems is possible, with differ-
ences in the methods used (Qiu et al. 2022; Zhang, Yang,
and Başar 2021). Therefore, learning in human–machine
systems is typically one sided.

First, humans can take over the role of the supervi-
sor in the learning process of the machine, i.e. HITL
learning, typically in tasks in which human capabilities
are required, such as intuition, judgment, expertise, and
awareness; e.g. in decision-making and problem-solving
(Kumar et al. 2024). The following approaches can be
identified under HITL (Monarch 2021): (1) active learn-
ing, in which the system retains control of the learning
process; however, human experts solely provide feed-
back for the learning process (Ren et al. 2021) and label
selected data; (2) machine teaching, in which human
experts control the learning process (Mosqueira-Rey,
Alonso-Ríos, and Baamonde-Lozano 2021) by provid-
ing, revising, and annotating datasets and then iteratively
transferring their domain knowledge into ML models
(Khodaee, Viktor, and Michalowski 2024); and (3) inter-
active ML, in which control of the learning process is
shared between humans and machines (Mosqueira-Rey
et al. 2023), and human feedback is provided in a cor-
rective manner after viewing the ML output (Gómez-
Carmona et al. 2024).

In contrast, bringing the machine into the loop of
human learning (Shneiderman 2020) focuses on sup-
porting human learning (Auernhammer 2020; Xu 2019).
The terms CITL and ‘machine-in-the-loop’ exist syn-
onymously. CITL tools are designed to assist humans
and are widely adopted in production and logistics (e.g.
Sauer, Burggräf, and Steinberg 2025a; Zheng et al. 2024).
In general, learning from machine assistance is possible
and based on the type of information provided by the
machine agent, such as suggestions and feedback. CITL
tools can function as learning assistance to enable and
teach humans.

Both HITL and CITL are unidirectional. The inte-
gration of human intelligence and AI has been pro-
posed through various terminologies. Hybrid intelli-
gence (Peeters et al. 2021) was propagated to charac-
terise a human–machine system that forms a comple-
mentary combination of artificial and human intelli-
gence. According toAkata et al. (2020), combined human
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and machine intelligence augments human intellect and
capabilities instead of replacing them, achieving goals
that are unreachable by either humans or machines.
Thus, hybrid intelligence suggests continuous improve-
ment through hybrid and interdependent agents learning
from one another (Sherson et al. 2023). Its core con-
cept includes learning as improvements in the individ-
ual capabilities of agents over time (Dellermann et al.
2019b), highlighting the nature of hybrid intelligence as
a combination of HITL and CITL (Wiethof and Bittner
2021).

2.2. Conceptual foundation of RHML

RHML is bidirectional learning between humans and
machines, which is enabled by hybrid intelligence.
Ansari, Erol, and Sihn (2018a) defined RHML as follows:

[. . . ] a bidirectional process involving reciprocal
exchange, dependence, action or influencewithin human
and machine collaboration on performing shared tasks,
which results in creating a new meaning or concept,

Table 2. Descriptive principles of RHML.

Principles of RHML Description

P1 – System Multiplicity of agents encompassing a hybrid
composition (human and machine)

P2 – Interaction Interaction through the exchange of information
(communication) for improvement (feedback)

P3 – Task Shared task environment with respective agents
involved in the same task and partially shared task
goals

P4 – Learning Learning effects on both sides related to the task or
context of the task that enhance the task
performance. A learning effect directed towards the
interaction, such as learning about the other agent
to improve communication, does not qualify

Figure 1. RHML classified into unidirectional and bidirectional learning.

enriching the existing ones or improving skills and abil-
ities in (symmetric or asymmetric) associated with each
group of learners.

Zagalsky et al. (2021) and Te’eni et al. (2023) coined
an extension to the term, suggesting that RHML sys-
tems ‘[. . . ] are conceptual systems consisting of humans
and machines that interactively leverage their intelligence
for learning to solve problems, analyze, explain, and judge.’

RHML originates from the hybridisation of labour-
specific task sharing between humans and intelligent
machines in smart factories (Ansari, Erol, and Sihn
2018a). Humans and machines form complementary
relationships because of the divergent capabilities of each
type of agent. Such complementarity enables task par-
ticipation and dependency owing to interaction (Ansari
2019).

Several descriptive principles can be derived based on
the earliest understanding of RHML, as outlined in Table
2. For details of the descriptive principles, we refer to the
conceptualisation and laboratory validation experiments
conducted by Nixdorf (2024).

Figure 1 depicts unidirectional learning, such as in
CITL and HITL learning, and bidirectional learning,
which occurs between humans, between machines, and
in hybrid teams (i.e. RHML).

Table 3 presents the introduced concepts distin-
guished by the degree to which the principles of RHML
are met, as indicated in Table 2. These principles serve as
a comprehensive definition of RHML. However, knowl-
edge regarding the current state of research on RHML,
including its practical implementations across disci-
plines, remains limited. Therefore, this review aims to
analyse the existing body of literature on RHML across
all disciplines to determine its current state of the art.
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Table 3. Classification of concepts according to principles of
RHML (P1–P4).

Concept P1 – System
P2 –

Interaction P3 – Task
P4 –

Learning

RHML • • • •
Hybrid intelligence • • • ◦
HITL learning • • ◦ ◦
CITL learning • • ◦ ◦
Human learning / / / ◦
ML / / / ◦
Legend: • full ◦ partial / none

Building on the conceptual foundations and key princi-
ples outlined in Section 2, the study takes a further step
by conducting an SLR to identify current design knowl-
edge of RHML, which is to be applied in production and
logistics, and to formulate a future research agenda, as
illustrated in the framework presented in Figure 2.

3. Methodology

Weperformed an SLR to identify and summarise the cur-
rent knowledge of RHML following a structured frame-
work (a six-step approach, as suggested by Sauer and
Seuring (2023)). Steps 1 and 2 (defining research ques-
tions and determining the required characteristics of the
sampled studies) have already been described in Sections
1 and 2. This section is dedicated to explaining the sample
search (step 3) and selection (step 4) processes. Following

the key decisions in SLR studies suggested by Sauer and
Seuring (2023), our approach consists of 9 phases (see
Appendix B) that are described in the following, while
step 5 (synthesising the literature) and step 6 (reporting
the results) are detailed in Sections 4 and 5, respectively.

The literature search process included an exhaustive
keyword search, backward and forward searches, and
an evaluation of the relevance of the extracted litera-
ture. Scopus, which is a leading database with compre-
hensive research coverage across various fields, such as
technology, social sciences, arts, and humanities, was
considered as the primary source of academic papers
(Pranckutė 2021). A preliminary compilation of key-
words was applied and justified by the conceptual back-
ground introduced in Section 2. Hence, a search string
(see Appendix A) emerged, encompassing the following
components based on the design principles of RHML: (1)
human agent, (2) intelligent/machine, (3) the reciprocal
characteristic of interaction, and (4) learning.

This search string resulted in 118,543 hits on Sco-
pus (25.12.2024). These results were refined by the
following inclusion criteria: (i) publications from the
past six years (from 2018) were included, as recent
advances were considered most relevant to this review,
(ii) only conference papers and journal articles were
included, (iii) only publications available in English were
included, and (iv) duplicates were omitted from the
sample.

Figure 2. Framework of SLR.
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Table 4. Relevance criteria for inclusion of publications.

# Relevance criterion and description

1 Human agent involved in the system (P1)
2 Machine agent involved in the system (P1)
3 Interaction between both types of agents (P2)
4 Shared task environment (P3)
5 Machine agent exhibits a capability to learn by means of changing

its behaviour (P4)
6 Human agent exhibits learning (P4)

Owing to the numerous studies, two additional
refinement steps were implemented. First, ‘index terms’
assigned by Scopus were excluded from the dataset,
resulting in the exclusion of 40% of the sample, high-
lighting inaccuracies introduced by cross-indexing. Sec-
ond, most studies in the sample still lacked emphasis
on the human agent as a learner and were merely con-
cerned with ML methods, e.g. humans as a source of
data, involved in pre-processing, or as users of the model
(see principle P4 in Table 2 and the corresponding cri-
teria in Table 4). Therefore, to justify principle P1, the
term frequency (TF) criterion (Chen and Xiao 2016)
was used to warrant consideration of the human agent.
The TF of the term ‘human’ in the title and abstract
was formulated to increase the relevance of the sample
(TF(human) > 0.01). Consequently, 6,322 publications
(approximately 10%) were retained. To minimise false
negative results, an iterative forward–backward scheme
was deployed following screening.

A set of six criteria was employed to assess the rele-
vance of each publication to comply with the principles
of RHML, as shown in Table 4. Each query was related
to a core principle of RHML. However, P4 was only par-
tially applied because the task-related learning objective
was not queried. Consequently, the publications that pro-
vided positive results for all queries were considered as
relevant. Publications were assessed based on the number
of relevance criteria met, and only 56 met the criteria.

Owing to the screening process, particularly the
heuristic limitation of the original sample, a for-
ward–backward search approach was used to ensure
exhaustiveness and include studies that may have been
overlooked (as described in Vom Brocke et al. (2009)).
The forward–backward search had general limitations on
the publication date to ensure that the maximum num-
ber of relevant publications was achieved in this step.
The references to the 56 publications from the SLR were
reviewed in the backward phase. Conversely, the forward
phase consisted of searching for articles that cited any of
the 56 publications. All publications considered in the
forward–backward search were assessed using the same
set of six criteria (see Table 4). The forward–backward
search was carried out in two steps, with publications
from the first forward–backward search considered for

the second step. The forward–backward search yielded
a total of 16 additional publications. Consequently, 72
publicationswere considered relevant to RHML.Notably,
almost half of the sampled publications (35) focused on
the preliminary conceptualisation of RHML, whereas 37
publications presented use cases or illustrative examples
to characterise its design. The processes discussed in this
section are depicted in Appendix B, and a brief descrip-
tive analysis of the number of sampled publications per
year is provided in Appendix C.

4. Results of the literature review on RHML (all
disciplines)

Our SLR sample included 14 studies in the domain of
production and two studies in logistics, with themajority
of studies (56) originating from various other academic
disciplines. This section presents the results of the the-
matic analysis conducted on the sampled studies, with the
objective of codifying the interdisciplinary design knowl-
edge into a coherent taxonomy. The coding process was
carried out by two authors, each of whom independently
reviewed all publications. Their individual results were
subsequently consolidated through discussion with all
co-authors. Specifically, the analysis focused on the fol-
lowing key characteristics of RHML in each paper: P1
– System: Assessed based on the number and type of
agents (referring to human and machine agents). P2 –
Interaction: Examined in terms of the type of information
communication and feedback mechanisms. P3 – Task:
Analyzed for task type, task allocation, and sequenc-
ing. P4 – Learning: Investigated in terms of the learning
objectives of agents, learning methods used by machine
agents, and learning outcomes for human agents.

Accordingly, this section is structured around the four
fundamental RHML design principles (P1–P4), present-
ing the current design components identified in the lit-
erature. This structure supports the development of the
RHML taxonomy (see Appendix D), which is applied
in the context of production and logistics in Section 5,
following the interdisciplinary knowledge codification
approach proposed by Dickhaut et al. (2022).

4.1. P1 – system

The system is composed of human and machine agents.
Both contribute to hybrid intelligence (cf. Akata et al.
(2020), Hanika et al. (2019), and Dellermann et al.
(2019b)). Most publications do not specify the compo-
sition of these systems and merely refer to a ‘hybrid’ of
agents (cf. Holstein, Aleven, and Rummel (2020), Järvelä,
Nguyen, and Hadwin (2023), and Sherson et al. (2023)),
‘teaming’ (cf. Dominguez-Péry and Vuddaraju (2020),
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Haimson et al. (2019)), ‘tandems’ (cf. Hromada (2022)),
‘meta-human’ systems (cf. Lyytinen,Nickerson, andKing
(2021)), ‘human–machine interaction’ (cf. Gweon, Fan,
and Kim (2023)), and ‘human–machine collaboration’
(cf. Süße, Kobert, and Kries (2021) and Van Zoelen,
Van Den Bosch, and Neerincx (2021b)). Humans and
machines participate in a multiplicity, indicating the par-
ticipation of a single or multiple agent(s) in the respec-
tive teams. Thus, most systems are dyadic, often related
to a lower complexity, such as those of Abdel-Karim
et al. (2020), Shafti et al. (2020), and Van Zoelen, Van
Den Bosch, and Neerincx (2021a). Others facilitate the
involvement of multiple human agents, such as those of
Patel et al. (2019) and Wellsandt et al. (2022). However,
a multi-agent system consisting of multiple machines for
interacting with a single human, such as a crowd or net-
work of agents, was not found in the literature. Although
Bannan et al. (2020), Hwang and Nurtantyana (2022),
and Ogiso et al. (2015) reported multiples on both sides,
no representatives of systems with single human agents
but multiple machines were identified. This suggests a
primarily integratory approach for the design of the AI
agent to ease complexity and focus on the human agent,
including their interaction.

Despite all humans being assumed to exhibit cog-
nitive and physical capabilities, machine agents can be
distinctly categorised as cognitive (e.g. conversational
agents and algorithms) or physical (e.g. robots and vehi-
cles). Earlier publications on RHML refer to cyber-
physical–social interactions between cyber-physical pro-
duction systems and humans (Ansari 2019; Ansari et al.
2018b; Ansari et al. 2018c; Ansari, Erol, and Sihn 2018a;

Ansari, Hold, and Khobreh 2020). Thus, the machine
agent technology is cast within the broad scope of the
cyber-physical production system. Numerous studies
have discussed cognitive machines by referring to cog-
nitive agents (Azevedo, Raizer, and Souza 2017) or AI
technologies (Akata et al. 2020). Overall, AI-based sys-
tems incorporate cognitive technologies, while a large
body of literature also includes a significant physical
dimension, e.g. robots. For instance, Blanchet et al. (2020)
used cobots to guide humans towards skill improvement.
Tabrez, Agrawal, andHayes (2019) andWang et al. (2015)
supported task learning through guidance. Ikemoto et al.
(2012) and Shafti et al. (2020) reported a highly interac-
tive environment in which humans and robots learn to
collaborate. All of the above learning processes are based
on different levels of interaction, ranging from sequential
to collaborative interaction.

4.2. P2 – interaction

Because of the mixed group of agents, the interaction
between agents is essential for RHML to understand
the intent and foster collaboration for communication,
as shown in Table 5 (Akata et al. 2020). Therefore, the
interaction between learning agents is an established
core principle for RHML (cf. P2), manifesting in the
reciprocity of agents (Ansari 2019). Numerous stud-
ies have examined RHML in the context of socialisa-
tion, such as socio-technical interaction (Nixdorf, Ansari,
and Schlund 2022a), cyber-physical–social interaction
(Romero et al. 2019), social interaction (Gweon, Fan,
and Kim 2023), and social learning (Järvelä, Nguyen, and

Table 5. Communication types.

Communication type

Human to machine Haptic (19) Abdel-Karim et al. (2020), Battistoni et al. (2021), Brereton et al. (2023), Blanchet et al. (2020),
Bourahmoune, Ishac, and Carmichael (2024), Chan et al. (2019), Döppner, Derckx, and Schoder (2019),
Ikemoto et al. (2012), Mosqueira-Rey et al. (2023), Ogiso et al. (2015), Patel et al. (2019), Patil et al.
(2022), Shafti et al. (2020), Trojan et al. (2024), Van Zoelen, Van Den Bosch, and Neerincx (2021a), Van
Zoelen, Van Den Bosch, and Neerincx (2021b), Wang et al. (2015), Wenskovitch and North (2020), Yin,
Billard, and Paiva (2015)

Visual (1) Tabrez, Agrawal, and Hayes (2019)
Auditory –
Natural language (12) Damacharla et al. (2020), Dubey et al. (2020), Hromada and Kim (2023), Hwang and Nurtantyana (2022),

Liu et al. (2019), Lu et al. (2024), Moussalli and Cardoso (2020), Qian and Qian (2020), Schoonderwoerd
et al. (2022), Te’eni et al. (2023), Wellsandt et al. (2022), Zagalsky et al. (2021)

Multimodal (1) Bannan et al. (2020)
Machine to human Haptic (5) Bourahmoune, Ishac, and Carmichael (2024), Chan et al. (2019), Shafti et al. (2020), Wang et al. (2015), Yin,

Billard, and Paiva (2015)
Visual (19) Abdel-Karim et al. (2020), Bannan et al. (2020), Battistoni et al. (2021), Brereton et al. (2023), Döppner,

Derckx, and Schoder (2019), Hromada and Kim (2023), Ikemoto et al. (2012), Lu et al. (2024),
Mosqueira-Rey et al. (2023), Ogiso et al. (2015), Patel et al. (2019), Patil et al. (2022), Schoonderwoerd
et al. (2022), Te’eni et al. (2023), Trojan et al. (2024), Van Zoelen, Van Den Bosch, and Neerincx (2021a),
Van Zoelen, Van Den Bosch, and Neerincx (2021b), Wenskovitch and North (2020), Zagalsky et al. (2021)

Auditory –
Natural language (9) Blanchet et al. (2020), Damacharla et al. (2020), Dubey et al. (2020), Hwang and Nurtantyana (2022), Liu

et al. (2019), Moussalli and Cardoso (2020), Qian and Qian (2020), Tabrez, Agrawal, and Hayes (2019),
Wellsandt et al. (2022)

Multimodal –
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Hadwin 2023). Thus, synergetic relationships and sym-
bioses (Nixdorf, Ansari, and Schlund 2022a) are formed,
similar to those of learners and teachers in human-only
settings. In addition, some ML models rely on human
interaction to optimise the learning behaviour, thereby
highlighting dependency (Wiethof and Bittner 2021).

The interaction activity of humans and machines is
proactive or reactive.When it is proactive, it suggests solu-
tions, asks for feedback, or acts on the task. When it is
reactive, it reviews the suggestions or solutions of oth-
ers. In this manner, interaction is typically structured,
while parallel task execution can also require proactiv-
ity in both agents, resulting in higher independence, as
discussed by Schoonderwoerd et al. (2022), Shafti et al.
(2020), and Abdel-Karim et al. (2020).

Van Den Bosch et al. (2019) highlighted communica-
tion as a source for acquiring implicit and explicit knowl-
edge. In addition, communication depends on the direc-
tion from humans to machines, or vice versa, as distin-
guished for implicit or explicit communication. Explicit
communication is a form of communication in which
there is a clear associated intent for the transmitted infor-
mation to be received by another agent or system over
an established channel. In contrast, implicit communica-
tion is an action or behaviour that represents information
rather than a deliberatemessage that is conveyed through
language or codified gestures. For instance, machine
agents that can react to human actions based on obser-
vations through sensors commonly implicitly infer infor-
mation fromhuman actions (Chan et al. 2019).Moreover,
they engage in implicit communication. Others exchange
information through direct channels by providing feed-
back via text or speech (Hromada and Kim 2023).

More precisely, we distinguish among auditory, haptic,
visual, and gesture-based communication, each of which
was identified as a possible communication channel in
smart manufacturing systems by Peruzzini, Prati, and
Pellicciari (2024).We further distinguish communication
in natural language. A combination of haptic (human-
to-machine) and visual (machine-to-human) communi-
cation is prevalent across the literature in the form of
manual controllers (buttons), visualisations (on screens)
(cf. Abdel-Karim et al. (2020) and Döppner, Derckx, and
Schoder (2019)), or augmented reality (AR)/virtual real-
ity (VR) devices (cf. Zhang and Wang (2020)), as shown
in Table 5. In physical interactions, machine communi-
cation can simultaneously be haptic and visual, and thus,
multimodal (cf. Shafti et al. (2020) and Ikemoto et al.
(2012)).

Bannan et al. (2020) describedmultimodal communi-
cation, suggesting that multimodal data sources, such as
audio, video, and wearables, are analysed to derive feed-
back. Numerous studies have highlighted the significant

benefits of communication in natural language in terms
of explainability (Akata et al. 2020; Azevedo, Raizer, and
Souza 2017). Natural language has a significant effect in
the form of either textual or voice-based communication
in several publications (Damacharla et al. 2020; Dubey
et al. 2020; Qian and Qian 2020). Communication is
crucial in RHML as a means for achieving mutual under-
standing (Gweon, Fan, and Kim 2023). Understanding
other agents, tasks, and results enables adaptation and
learning (Holstein, Aleven, and Rummel 2020).

Specific means of interaction and communication
between agents culminate in the question of how feed-
back is exchanged to facilitate RHML. The types of feed-
back that are provided by machine agents are limited
(Holstein, Aleven, and Rummel 2020). Feedback refers to
information that is fed back to the agent, which affects the
learning process. However, verifying, corrective, explana-
tory, and informative feedback are distinct. Most feed-
back is explicit communication, such as agents provid-
ing corrective feedback to one another, for example, by
overwriting solutions (Ogiso et al. 2015; Qian and Qian
2020) or verifying solutions by labelling them as right or
wrong (Abdel-Karim et al. 2020; Battistoni et al. 2021;
Hromada and Kim 2023). Humans are asked to label
machine outputs in a binary manner (right or wrong, i.e.
verifying) or to correct them by returning a corrected
version of the output (i.e. corrective). Humans primarily
receive informative feedback, such as actions, facts, and
suggestions, frommachines. Examples of corrective feed-
back include machine responses to human suggestions.
In some instances, machine agents provide explanations
based on natural language (Tabrez, Agrawal, and Hayes
2019; Zagalsky et al. 2021).

4.3. P3 – task

Dependency on a shared task, which is sharing based
on task assignments and goals, is essential for RHML.
Moreover, tasks must be divided between humans
and machines according to their respective advantages
(Peeters et al. 2021). Thus, machines take over routine
tasks, whereas humans contribute towards non-routine
elements, such as creativity or dexterity (Süße, Kobert,
and Kries 2021). Human andmachine agents may pursue
different sub-goals in static task allocation.However, they
always contribute to a common task goal. The current
literature demonstrates diverse types of tasks, although
many papers do not specify particular tasks, but rather,
task environments.

Inspired by Dellermann et al. (2019b), we distin-
guish the task goals recognition, prediction, and coordi-
nated action. Object instances, such as those described
by Dubey et al. (2020), Patel et al. (2019), and Yin,
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Table 6. Task types in RHML literature.

Type of task Reference

Decision-making (16 publications) Abdel-Karim et al. (2020), Brereton et al. (2023), Chan et al. (2019), Dellermann et al. (2019a), Dominguez-Péry
and Vuddaraju (2020), Döppner, Derckx, and Schoder (2019), Gupta et al. (2023), Gweon, Fan, and Kim
(2023), Lu et al. (2024), Mosqueira-Rey et al. (2023), Ogiso et al. (2015), Patel et al. (2019), Qian and Qian
(2020), Tabrez, Agrawal, and Hayes (2019), Te’eni et al. (2023), Zagalsky et al. (2021)

Problem-solving (10 publications) Ansari, Erol, and Sihn (2018a), Ansari et al. (2018c), Ansari (2019), Ansari, Hold, and Khobreh (2020), Dubey
et al. (2020), Trojan et al. (2024), Van Zoelen, Van Den Bosch, and Neerincx (2021a), Van Zoelen, Van Den
Bosch, and Neerincx (2021b), Wellsandt et al. (2022), Wenskovitch and North (2020)

Training (11 publications) Bannan et al. (2020), Blanchet et al. (2020), Damacharla et al. (2020), Çil et al. (2020), Hromada (2022),
Hromada and Kim (2023), Hwang and Nurtantyana (2022), Järvelä, Nguyen, and Hadwin (2023), Liu et al.
(2019), Moussalli and Cardoso (2020), Yin, Billard, and Paiva (2015)

Coordination (7publications) Battistoni et al. (2021), Bourahmoune, Ishac, and Carmichael (2024), Ikemoto et al. (2012), Patil et al. (2022),
Shafti et al. (2020), Takata and Takeuchi (2019), Wang et al. (2015)

Billard, and Paiva (2015), must be identified for recog-
nition. These tasks are correlated with decision-making
tasks inwhich collaborative recognition is the foundation
for decision-making, as indicated earlier for image-based
diagnostics (Patel et al. 2019). Prediction is also cru-
cial for decision-making. Prediction refers to decisions
regarding the steering of future events. Döppner, Derckx,
and Schoder (2019) presented a prediction of optimal
routing for air cargo. In action-related tasks, coordina-
tion is required for both agents to be effective. According
toVanZoelen,VanDenBosch, andNeerincx (2021a) and
Patil et al. (2022), learning can enhance coordination.

Table 6 outlines the distinguished overarching task
types. Decision-making and problem-solving are the
most prevalent. Ansari et al. (2018c), Dubey et al.
(2020), and Wellsandt et al. (2022) discussed RHML in
troubleshooting and problem-solving (mostly cognitive).
Both agents contribute their strengths towards identify-
ing issues, suggesting solutions, and guiding implemen-
tation. Decision-making is manifold. Abdel-Karim et al.
(2020) and Patel et al. (2019) investigated the improved
capabilities of image-based diagnosis using RHML. In
decision-making, both agents contribute to the deci-
sion by either comparing decisions ex-post (Abdel-Karim
et al. 2020), suggesting decisions ex-ante (Döppner, Der-
ckx, and Schoder 2019; Qian and Qian 2020), or pro-
viding specific information to reach a collective deci-
sion, as discussed by Dellermann et al. (2019a). Typi-
cal performance measures include the decision accuracy
and error rate. Moreover, numerous studies on RHML
feature training. These works are primarily concerned
with leveraging RHML for the education and training of
humans, such as learning a new language (Liu et al. 2019),
emergency care training (Damacharla et al. 2020), or
handwriting (Yin, Billard, and Paiva 2015). In addition,
coordination tasks, stemming from coordinated task goal
action, constitute the final distinct task type that is evi-
dent in the literature. The task is significantly intertwined
with the interactions between the two agents. Shafti et al.
(2020) described a physical balancing task that was per-
formed collaboratively. Ikemoto et al. (2012) and Wang

Table 7. Task allocation.

Task allocation References

Dynamic (9) Ansari et al. (2018b), Bourahmoune, Ishac, and Carmichael
(2024), Ikemoto et al. (2012), Patil et al. (2022),
Schoonderwoerd et al. (2022), Shafti et al. (2020), Van
Zoelen, Van Den Bosch, and Neerincx (2021a), Van
Zoelen, Van Den Bosch, and Neerincx (2021b), Wang
et al. (2015)

Static (26) Abdel-Karim et al. (2020), Bannan et al. (2020), Battistoni
et al. (2021), Brereton et al. (2023), Blanchet et al. (2020),
Chan et al. (2019), Damacharla et al. (2020), Döppner,
Derckx, and Schoder (2019), Dubey et al. (2020),
Hromada and Kim (2023), Hwang and Nurtantyana
(2022), Liu et al. (2019), Lu et al. (2024), Mosqueira-Rey
et al. (2023), Moussalli and Cardoso (2020), Ogiso et al.
(2015), Patel et al. (2019), Qian and Qian (2020), Tabrez,
Agrawal, and Hayes (2019), Takata and Takeuchi (2019),
Te’eni et al. (2023), Trojan et al. (2024), Wellsandt et al.
(2022), Wenskovitch and North (2020), Yin, Billard, and
Paiva (2015), Zagalsky et al. (2021)

et al. (2015) demonstrated highly interdependent phys-
ical tasks in which humans and robots must coordinate
their actions.

The allocation between agents to perform a shared
task successfully is another crucial dimension of tasks.
Table 7 outlines general task allocation between humans
and machines, as discussed by Ansari et al. (2018c). The
specific allocation depends on the actual task. However,
the literature makes distinctions based on the comple-
mentarity of agents and the distribution of sub-tasks
based on capability, availability, and efficiency. A uni-
form approach to task allocation is either dynamic or
static. Static task allocation acknowledges the specific
strengths and weaknesses of agents. Hence, task allo-
cation between humans and machines is usually static
to account for the different capabilities of the agents.
Te’eni et al. (2023) and Zagalsky et al. (2021) applied ML
algorithms based on inputs from human experts to anal-
yse large datasets. Döppner, Derckx, and Schoder (2019)
facilitated workers by providing recommendations gen-
erated via AI-based optimisation. Hromada and Kim
(2023) discussed a tutoring system for vocabulary train-
ing. In dynamic task allocation, humans and machines
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share some capabilities that are required to perform spe-
cific tasks. Therefore, the allocation is based on other
factors, such as the availability of agents or efficiency of
carrying out the task. Dynamic task allocation enables
the close collaboration of agents (Schoonderwoerd et al.
2022; Van Zoelen, Van Den Bosch, and Neerincx 2021a).
Ikemoto et al. (2012), Shafti et al. (2020), andWang et al.
(2015) investigated the dynamic allocation of physical
collaborative tasks. In addition, dynamic task allocation
enables parallel task sequencing. However, Abdel-Karim
et al. (2020) discussed the application of parallel execu-
tion, advocating for static task allocation. Sequential task
sequences typically result in idle time for at least one
of the involved agents, similar to that described in an
action–reaction scenario (Wellsandt et al. 2022; Zagalsky
et al. 2021).

4.4. P4 – learning

Learning can manifest on various scales, including
(1) adaptive behaviour for seamless collaboration; (2)
enhanced task execution; and (3) the development of
knowledge, skills, and competencies that can be applied
across diverse contexts and tasks. As discussed in Section
2.2, RHML fosters the learning of both agents. However,
learning is manifested in fundamentally different man-
ners in the two types of agents, encompassing different
parameters, methods, and processes. To distinguish the
learning of different agents in this review, the publications
are discussed based on the learning objectives of both
agents, the methods and timing for machine agents, and
the learning outcomes and didactic methods for human
agents.

4.4.1. Learning objectives
The reviewed literature revealed two primary learning
objectives: improving the task or interaction. This sim-
ple distinction between learning objectives is univer-
sally applicable to human and machine agents. Learning
objectives define what learning is about, via (1) a task:
learning about the task and its context to improve the
task performance, or (2) an interaction: learning about
other agents or oneself to improve interactions. RHML
is a primarily task-centric phenomenon, as discussed in
Section 2.6, and its concept revolves around collabora-
tive task performance, for example, in production and
logistics (Nixdorf et al. 2022b). The paper at hand seeks
to distinguish between learning objectives in the sample
literature. Both types of agents can learn about the task
or interact with it. Hence, four general combinations of
learning objectives exist, as shown in Figure 3, and can be
divided into three types of symmetry and asymmetry: (1)
Type I, task-focused symmetry: learning objectives are

Figure 3. Symmetry of learning objectives.

symmetrical as both agents learn about the task, enhanc-
ing the joint task performance. (2) Type II, asymmetry:
learning objectives are asymmetrical as one agent learns
about the task and the other learns about the interaction
or the other agent only. (3) Type III, interaction-focused
symmetry: learning objectives are symmetrical as both
agents learn about the interaction or the other agent to
improve the interaction.

In cases in which publications could be assigned to
more than one type because of a vast scope of objectives,
theywere assigned to either Type I or Type II, as this char-
acterisation maintains the focus on task-based learning.
Figure 3 depicts the structure of the following discussion.

First, we discuss learning about the task for both
agents, i.e. Type I, which resembles our understanding of
RHML. An individual description of the learning objec-
tives of each publication is provided.

Decision-support systems in image-based diagnosis
use RHML to improve the diagnostic performance of
both agents (Abdel-Karim et al. 2020; Patel et al. 2019),
and task performance in managing unit load devices is
improved (Döppner, Derckx, and Schoder 2019). Ogiso
et al. (2015) reported on a machine agent that was
informed about the decision-making process of human
crowds, thereby learning from human supervision. An
individual receives feedback from an agent to reflect on
their earlier decisions. Thus, both agents enhance their
task performance sequentially. Te’eni et al. (2023) and
Zagalsky et al. (2021) demonstrated improved text clas-
sification accuracy. Machine agents generate feedback,
outcomes, and explanations, from which the domain
expert can learn and the classification knowledge can be
enhanced (Zagalsky et al. 2021), providing the machine
agent with a refined knowledge base. Qian and Qian
(2020) combined the strengths of humans and machines
for masked language tasks. Humans can enhance their
accuracy in the long term by considering machine sug-
gestions (Qian and Qian 2020). Patil et al. (2022) used
deep RL to enhance task performance in a collaborative
task with human agents. Van Zoelen, Van Den Bosch,
and Neerincx (2021a, 2021b) shared perspectives on the
continuous co-adaptation of agents based on interactive
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problem-solving. Agents adjust their behaviour based on
their theory of mind and knowledge of others’ abilities.
Shafti et al. (2020) confirmed that both agents adapted
to the actions of the other in a balancing game. Wang
et al. (2015) reported adaptations in which both agents
adjusted their physical movements (Tai Chi Chuan) to
the movements of the other agent and predicted their
intentions. In these publications, improved task per-
formance is the primary objective for both types of
agents. Ansari et al. (2018b) discussed the benefits of
work-based training. In addition, recommending task
sequences in human–robot collaborative assembly or
adapting to the routing of automated guided vehicles
may enhance task performance and collaboration simul-
taneously (Ansari, Erol, and Sihn 2018a). Learning from
the predictions and actual results of problem-solving
tasks during maintenance can increase the flexibility and
capacity of agents in human–machine systems. In the
study of Wellsandt et al. (2022), maintenance workers
were continuously augmented to enhance the accuracy of
their predictions. Learning increases the complementar-
ity of agents, thereby improving collaborative problem-
solving (Ansari et al. 2018c). Ansari (2019) aimed to
enhance productivity through effective learning for both
‘knowledge actors.’ Ansari et al. (2018b) found that,
owing to challenges raised by the need for workforce
training in production and logistics, short-term (i.e. opti-
misation), mid-term (i.e. division of labour), and long-
term (i.e. innovation) learning goals were relevant to
manufacturing. Dubey et al. (2020) focused on intelligent
agents that learned to solve specific tasks by observing
human experts and could teach from opposite directions.
Similarly, robot agents learned from human demonstra-
tions to teach students (Yin, Billard, and Paiva 2015).
However, these instances of transfer learning have not yet
been extensively studied.

Second, we discuss asymmetric learning objectives
(Type II). In some studies, the adaptive capabilities
of agents have been used to provide tailored feedback
to learners. Therefore, humans learn to enhance task
performance. However, the machine agent utilises its
intelligence to analyse human behaviour (Bannan et al.
2020), provide tailored feedback (Blanchet et al. 2020;
Damacharla et al. 2020), or adapt to preferences or
behaviour (Ikemoto et al. 2012). The primary objective
of machine agents is to assist humans in the learning pro-
cess (Hromada and Kim 2023; Hwang and Nurtantyana
2022; Liu et al. 2019). Moussalli and Cardoso (2020) used
dialogue systems for foreign-language learning. Tabrez,
Agrawal, and Hayes (2019) demonstrated that human
learning outcomes can be achieved more efficiently with
explanation-based feedback. In a collaborative puzzle
task, a robot learned to understand the hidden policy

of a human to interrupt and provide corrective feedback
(Tabrez, Agrawal, and Hayes 2019).

Third, numerous studies have highlighted the signif-
icance of learning to co-adapt (Type III) and learning
about interactions (Van Zoelen, Van Den Bosch, and
Neerincx 2021a).More effective interactions between dif-
ferent agents are promoted through adaptation.However,
specific tasks and their contexts are secondary, which
cannot be considered RHML despite their existence in
the sample.

4.4.2. Learning ofmachine agent
The learning behaviour of the machine agent can be
described according to themethod and timing employed.
Machines learn in supervised, semi-supervised, or unsu-
pervisedmanners. In addition, RL is regularly deployed.

In all cases, humans are involved in the learning pro-
cess. Hence, learning occurs continuously in real time or
after a task through pre-trained models. In pre-trained
models, humans interact with a static algorithm that
does not learn during the interaction. However, it can be
adjusted after the operation based on the gathered data
and feedback from the human user. Döppner, Derckx,
and Schoder (2019) presented a pre-trained model that
can be trained on previous optimal solutions and aug-
mented by incorporating additional human-based solu-
tions. Bannan et al. (2020) implemented an intelligent
tool for training monitoring that can scaffold, provide
advice, and be updated after each training run based on
new data in an unsupervised manner. Hromada and Kim
(2023), Jiang, Liu, and Chen (2019), and Moussalli and
Cardoso (2020) implemented language training, inwhich
the machine agent can adjust to understand the human
accent during each interaction via supervised learning.
Blanchet et al. (2020) used RL to adjust human feedback
based on rewards. Hence, machine agents learn based
on interactions, such as their mistakes (Battistoni et al.
2021). Learning about human behaviour (preferences)
can be achieved using inverse RL (Tabrez, Agrawal, and
Hayes 2019). Hwang and Nurtantyana (2022) employed
external AI in real time to complete foreign-language
tasks and enhance its knowledge, such as answering ques-
tions if human feedback indicates unsatisfactory condi-
tions. Shafti et al. (2020) and Wang et al. (2015) pur-
sued improved real-time coordination between agents
for physical tasks based on RL. However, the rewards
were based on the success of the task. Van Zoelen, Van
Den Bosch, and Neerincx (2021a) demonstrated adap-
tive interactions between robots and humans in a simple
collaborative task setting. Rewards were based on human
feedback and performance to adapt to behaviour in real
time. Despite most studies implementing learning in real
time, influential publications on RHML exist that do
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Table 8. Learning outcomes.

Learning outcome References

Knowledge (3) Hromada and Kim (2023), Hwang and Nurtantyana
(2022), Yin, Billard, and Paiva (2015)

Comprehension (7) Battistoni et al. (2021), Bourahmoune, Ishac, and
Carmichael (2024), Chan et al. (2019), Ikemoto et al.
(2012), Shafti et al. (2020), Takata and Takeuchi
(2019), Wang et al. (2015)

Application (9) Bannan et al. (2020), Blanchet et al. (2020),
Damacharla et al. (2020), Liu et al. (2019), Moussalli
and Cardoso (2020), Patil et al. (2022),
Schoonderwoerd et al. (2022), Van Zoelen, Van Den
Bosch, and Neerincx (2021a), Van Zoelen, Van Den
Bosch, and Neerincx (2021b)

Analysis (14) Abdel-Karim et al. (2020), Brereton et al. (2023),
Döppner, Derckx, and Schoder (2019), Lu et al.
(2024), Mosqueira-Rey et al. (2023), Ogiso et al.
(2015), Patel et al. (2019), Qian and Qian (2020),
Tabrez, Agrawal, and Hayes (2019), Te’eni et al.
(2023), Trojan et al. (2024), Wellsandt et al. (2022),
Wenskovitch and North (2020), Zagalsky et al. (2021)

Evaluation –
Synthesis –

not take this approach. Abdel-Karim et al. (2020), Te’eni
et al. (2023), Zagalsky et al. (2021), and Schoonderwo-
erd et al. (2022) combined supervised ML methods with
pre-trained models. Others combined pre-trained mod-
els with RL. Van Zoelen, Van Den Bosch, and Neerincx
(2021a) relied on reward-based learning after each itera-
tion. The maturity of technical implementation in these
works is low. In addition, the required number of itera-
tions for RL was not achievable in a reasonable time. A
distinction between pre-training (or post-training) and
learning in real time cannot always be made seamlessly
because of the latent learning effects based on the respon-
siveness of individual algorithms at runtime and the
duration of the interactions. Thus, a clear differentiation
of RHML regarding the timing of ML is not always feasi-
ble, but it can still significantly affect the user experience
with RHML.

4.4.3. Learning of human agent
To define the levels of human learning in the liter-
ature, we used Bloom’s (1976) taxonomy of learning
outcomes, which often resembles a pyramid: knowl-
edge/remembering, comprehension/understanding, appli-
cation, analysis, synthesis (creating), and evaluation (see
Table 8).

However, not all publications specify learning out-
comes, either implicitly or explicitly. The current litera-
ture on RHML does not indicate learning at higher levels
of Bloom’s taxonomy. In addition, none of the reviewed
publications focuses on fostering learning towards ‘syn-
thesis’ or ‘evaluation.’ The lowest level of learning,
‘knowledge’ (Bloom 1976), which is the recall of facts,
methods, and patterns, is featured in three publications.
Hromada and Kim (2023) enabled humans to practice

foreign language vocabulary training withmachine assis-
tance. Yin, Billard, and Paiva (2015) suggested the recall
of the handwriting of specific letters by RHML. Hwang
and Nurtantyana (2022) established conversation-based
learning of object characteristics and functions and over-
all language learning.

Learning on the level of ‘comprehension’ is reported
in seven publications. Human operators were supported
in understanding their preferences for optimising multi-
armed bandit tasks (Chan et al. 2019). Battistoni et al.
(2021) discussed how a human user adjusts expecta-
tions and fosters the alignment of agents based on
mutual understanding. Other studies have incorporated
physical skills that resemble the psychomotor domain
of learning outcomes (Krathwohl 2002). Ikemoto et al.
(2012) described the human understanding limitations
of robotics and adjusting towards guided psychomotor
responses. Shafti et al. (2020) and Wang et al. (2015)
featured the coordination of agents, leading to a guided
response based on mutual understanding. Takata and
Takeuchi (2019) simulated a similar task environment.

Application-related learning is reported in nine publi-
cations, which constitute the largest proportion in the lit-
erature on RHML. Patil et al. (2022) pursued learning by
applying simple methods and fostering practices in sim-
ulations. Application-oriented learning was performed
on realistic tasks (Damacharla et al. 2020). Schoonder-
woerd et al. (2022) and Van Zoelen, Van Den Bosch,
and Neerincx (2021a, 2021b) used RHML to foster the
mutual understanding of agents. This understanding led
to the development of skills towards highly collabora-
tive tasks. The related learning outcomes were linked
to ‘application,’ including the learning outcomes of the
lower hierarchies. Ansari et al. (2018b) described learn-
ing specific tasks and applying new methods and prac-
tices in a human–robot production process. Blanchet
et al. (2020) demonstrated skill improvement in a simple
physical human–robot task. Liu et al. (2019) and Mous-
salli and Cardoso (2020) enabled humans to practice
foreign languages by listening and speaking.

Analytical tasks and learning outcomes related to
‘analysis’ are common, and aligned with the focus on
decision-making and problem-solving in the literature. A
total of 14 publications were assigned to this level, which
is the highest level of Bloom’s taxonomy.Tabrez,Agrawal,
and Hayes (2019) taught humans how to complete a
Sudoku-like game successfully by learning to make cor-
rect decisions. Abdel-Karim et al. (2020) enabled humans
to learn image-based diagnoses. Patil et al. (2022) prop-
agated similar learning outcomes through the facili-
tation of human experts. Ogiso et al. (2015) enabled
human experts to learn from crowd-based feedback and
enhanced their decision-making. Qian and Qian (2020),
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Te’eni et al. (2023), Zagalsky et al. (2021), and Wen-
skovitch and North (2020) discussed language tasks in
which humans learned to decide on the correct phrase
to complete a sentence (Qian and Qian 2020) or analyse
the elements and relationships of texts to refine key-
word sets (Te’eni et al. 2023; Wenskovitch and North
2020; Zagalsky et al. 2021). Others assisted humans in
learning problem-solving and decision-making in logis-
tics (Döppner, Derckx, and Schoder 2019), maintenance
(Wellsandt et al. 2022), and service call centres (Dubey
et al. 2020).

Human learning has a deep theoretical foundation,
accompanied by amethodological approach that can also
be described as didactic. Didactics promotes the learn-
ing process to enable humans to learn more effectively.
Such didactical methods have been infrequently reported
in the literature. Bannan et al. (2020) opted tomodel their
learning processes according to Kolb’s concept of expe-
riential learning (Kolb 1984). Numerous studies have
adopted a similar approach; however, this concept is
rarely explicitly considered in the publications. Te’eni
et al. (2023) and Zagalsky et al. (2021) were oriented
towards the Jörg (2004) theory of reciprocal learning
(in humans). Methods for transferring reciprocal learn-
ing in humans have frequently been presented. Ansari,
Erol, and Sihn (2018a) based their RHMLprocess entirely
on reciprocal classroom teaching (cf. Hacker and Tenent
(2002)).

In terms of the RHML timeframe, the literature sup-
ports mainly short-term and mid-term goals. Accord-
ing to the definitions by Van Zoelen, Van Den Bosch,
and Neerincx (2021a), short-term learning goals aim for
optimisation in short timeframes without significant per-
sistence, resulting in enhanced performance. However,
mid-term learning goals aim for learning in medium
timeframes with significant persistence, resulting in sus-
tainable behaviour changes. Long-term learning goals
aim for evolution and long timeframes with persistence
and transferability across contexts, resulting in continu-
ous development. RHML to enable mid- and long-term
learning has yielded results in the continuous beneficiary
cycle of RHML.

This section has described the different characteris-
tics of RHML systems based on the sampled papers.
These characteristics were grouped into different dimen-
sions under the four design principles, forming an initial
RHML taxonomy to present more comprehensive design
knowledge under the RHML concept (see Appendix D).
This serves as the preliminary result of the SLR. To test
the descriptive validity of the taxonomy, we applied it to
the set of studies identified in the literature review. Each
study was consistently classifiable across all dimensions,
supporting the utility of the taxonomy.

Despite these dimensions or characteristics indirectly
highlighting the potential RHML applications in var-
ious planning situations, different RHML design pat-
terns, particularly in production and logistics, remain
limited. Thus, in the following section, RHML is
(re)conceptualised, with a focus on production and
logistics.

5. Discussion: (Re)conceptualisation of RHML in
production and logistics

The application-oriented reconceptualization of RHML
is based on the conceptual foundation discussed in
Section 2.2 and the general patterns that emerged from
the results of the SLR and have been presented in dif-
ferent contexts of RHML in Section 4. As suggested
by Dickhaut et al. (2022), interdisciplinary knowledge
transfer requires codification of knowledge to enable
seamless application. Thus, efforts were made to iden-
tify repeated general patterns based on use/illustrative
cases in the sampled papers and to form descriptive
archetypes of RHML (see Section 5.1). The archetypes
derived from interdisciplinary instantiations could pro-
vide insights into the current landscape of RHML for
developing specific solutions, specifying quality metrics,
defining assessment metrics, and deriving design prin-
ciples, in alignment with the visionary paper of Ansari,
Erol, and Sihn (2018a) in production and logistics. There-
fore, Section 5.2 describes potential RHML applications
based on the defined archetypes to demonstrate the
benefits of the concept. Section 5.3 presents a critical
reflection of this study and discusses the methodological
limitations. Finally, RHML design studies are receiving
increasing attention, and the knowledge base is contin-
uously being updated. Based on the current challenges
in production and logistics studies, we attempt to dis-
cuss possible refinement and development of the RHML
archetypes, which could be beneficial in future system
design and control in the industrial context (discipline-
specific future research agenda of RHML; see Section
5.4). An overview of the reconceptualization process is
presented in Figure 4.

5.1. Basic design patterns of RHML (archetypes)

We selected one dimension to describe the distinguishing
characteristics of the archetypes for the design principles
defined in Section 4 and to demonstrate the inductive
definition process (based on instantiations from sampled
papers), which was carried out in two iterations. The
dimensions must:

1) be suitable for both humans and machines,
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Figure 4. Overview of RHML archetypes.

Table 9. Descriptive archetypes of RHML based on selected dimensions.

P1 – System P2 – Interaction P3 – Task P4 – Learning

Archetype Human Machine Communication type Allocation Sequence Learning goal

(I) Crowd-based Multiple Single Explicit Static Sequential Mid-term
(II) Contradictory Single Single Explicit Static Parallel Mid-term
(III) Exploitative Single Single Explicit Static Sequential Mid-term
(IV) Collaborative Single Single Implicit Dynamic Parallel Short-term

2) contain mutually exclusive characteristics (without
overlaps between them), and

3) represent key characteristics of the four principles.

As a result, according to the selected dimensions, each
archetype of RHML was:

1) facilitated and bounded by the agents’multiplicity at
the system level (P1),

2) enabled by explicit/implicit communication between
agents (P2),

3) based on tasks (P3) with various combinations of
static/dynamic allocation over time and a sequen-
tial/parallel task sequence by different agents,

4) aimed at short-/mid-/long-term learning goals (P4).

Hence, the SLR sample provided four state-of-the-art
RHML design patterns, which could be distinguished
and differentiated by the dimensions selected above (see
Table 9).

Among the four archetypes, crowd-based RHML (I)
is the only one that requires a multiple-human team
(combined with a single-machine agent). This team

configuration at the system level is based on the basic
mechanism that different solutions to the same task are
proposed by a human crowd, with diverse perspectives
and expertise merged by the machine agent. This merg-
ing process includes identifying common solution pat-
terns and innovation based on discrepancies in the solu-
tions. The solution that is merged by the machine is
returned to the human crowd. Thus, the RHML process
is characterised by static task allocation and a sequential
task sequence between humans andmachines. The learn-
ing goal, which is defined as a mid-term goal, suggests
that the knowledge base that is updated by merging solu-
tions could be applied to similar tasks in the future (per-
sistence). However, it is not always transferable across
contexts.

Compared with archetype (I), contradictory RHML
(II) can be characterised by a parallel task conduction
process between the human and machine team. Hence,
each task is assigned to these agents to create knowl-
edge via disagreement and the divergence of multiple
solutions. Therefore, the learning process requires one
human and machine agent. The explicit communica-
tion on contrasting results triggers the reassessment,
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adjustment, and improvement of knowledge. The con-
textual sensitivity of the human and bias-free algorith-
mic power of the machine are combined to enhance the
performance of similar tasks in the mid term.

The archetype exploitative RHML (III) assumes asym-
metric capabilities of humans and machines. Based on
the minimal team size of one human and machine
agent, one agent assumes an expert role, leveraging its
superior skills in a particular domain and sharing its
knowledge with novices. Moreover, the expert agent
creates new knowledge during the teaching process by
specialising and refining the existing approach, while
interacting with others with different skill and experi-
ence levels. Compared with archetypes (I) and (II), this
explicit knowledge transfer based on static task alloca-
tion and a sequential task sequence will extend beyond
the short-term optimisation of one specific task and pur-
sue mid-term persistent behavioural changes in similar
tasks.

Finally, the archetype collaborative RHML (IV) is
directly rooted in human–machine collaboration. Based
on a minimal single-human–single-machine team, col-
laboration with dynamic task allocation in a shared
workspace fulfils the fluid demands of tasks. The instan-
tiations in our sample demonstrate a preference for
applying collaborative RHML for complex tasks, such as
urban search and rescue and manufacturing assembly.
Therefore, the tasks are conducted in parallel, forming
an implicit HMI via a learning process that is deeply
embedded in the collaboration. The resulting continuous
improvements in coordination are enabled by learning
about the capabilities and limitations of other agents and
adjusting the activities accordingly. Thus, compared with
the other three archetypes, collaborative RHML demon-
strates learning effects in a short-term timeframe by
optimising the performance of specific tasks with higher
complexity and a repetitive nature.

5.2. Application of RHML in production and logistics

With the development of automation technology and AI,
involving humans and machines in the same industrial
process results in various interactions between agents
and raises the question of the optimal design of hybrid
intelligence (Sauer and Burggräf 2024). The distinction
between cooperative and collaborative HMI is based on
the task level, with cooperative interactions involving
static allocation and a sequential sequence, and collab-
orative interactions involving dynamic allocation and
a parallel sequence. Therefore, when designing a pro-
cess with diverse agents (humans and machines), the
task allocation and sequence must be considered in the

foreground based on the task characteristics (complex-
ity or repetition). On this basis, the learning process has
been discussed and integrated into industrial processes
in recent years. We first refer to several literature review
studies for an overview of human learning (Glock et al.
2019) and ML (Bertolini et al. 2021) in this context. As
discussed in Section 2, HITL and CITL are two concepts
based on which unidirectional learning between humans
and machines is enabled, which can be considered as
one initial step of combining human learning and ML in
system planning and control. For illustrative purposes,
several representative studies of these concepts in pro-
duction and logistics are described in the following. As
explained by Turner et al. (2021), HITL can be utilised
to provide human knowledge to enhance the decision-
making of machines, e.g. via ML algorithms or digital
twin technologies. In particular, the cognitive capabil-
ities of humans are leveraged to build socio-technical
industrial systems (Emmanouilidis et al. 2019). In con-
trast, CITL, with the core concept of transferring the
knowledge of machines to leverage human learning, has
been realised in studies on assistance systems in most
cases (e.g. Hinrichsen, Riediger, and Unrau (2016)). A
recent study (Zheng et al. 2024) discussed the knowledge
transfer process via digital assistants with several illustra-
tive cases that are aligned with the CITL concept. The
brief discussion above confirms that the learning pro-
cess (human learning, ML, HITL, and CITL) has drawn
attention in the production and logistics community,
highlighting the need for conceptualisation effort, which
could help to clarify and categorise various learning pos-
sibilities in the industrial context. Hence, RHML, which
enables the human–machine bidirectional learning pro-
cess, is a further step based on HITL and CITL. The nov-
elty and applicability of the RHML concept is discussed
further using potential scenarios in the following.

Based on the categorisation of HMI, two of the four
RHML archetypes demonstrate similar characteristics on
the task level: exploitative RHML with static task alloca-
tion and a sequential task sequence (similar to cooper-
ation) and collaborative RHML with dynamic task allo-
cation and a parallel task sequence (similar to collab-
oration). Therefore, potential RHML systems could be
formed by enabling bidirectional learning effects based
on the original process.

Consider the order-picking process in logistics as an
example. Manual picking tasks include (1) navigating
the storage area, (2) searching for/identifying the items
to be collected, and (3) transporting the collected items
for delivery. Therefore, the process exhibits significant
repetition with less challenging task contents. Grosse
and Glock (2015) first discussed the possibility of con-
sidering the human learning curve in order picking,
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identifying possible human learning effects. This process
can be enhanced by assistive systems, such as pick-by-
light or augmented devices (Glock et al. 2021). There-
fore, the speed of human learning increases as the error
rate decreases. Further, empirical studies (De Vries, De
Koster, and Stam 2016) have already shown that human
order pickingmay vary based on different personalities in
the context of applying assistive technologies. This high-
lights a future research need and the potential improve-
ment of such technologies through assisting different
humans.

In addition, assistive devices can learn to provide bet-
ter guidance for each human picker (the archetype collab-
orative RHML), e.g. collaborative RHML in order picking
(Ansari, Erol, and Sihn 2018a). In an automated guided-
vehicle-assisted order-picking system, the routes that are
optimised by collaborativeRHMLmust provide solutions
other than the typical routing solutions that focus solely
onminimising the total travel distance (Ansari, Erol, and
Sihn 2018a). According to Franzke et al. (2017), this tech-
nology can potentially resolve and reduce human–robot
blocking situations during collaboration. The empirical
results of Pasparakis, DeVries, andDeKoster (2023) sug-
gest that human cognitive aspects must be considered
when designing collaborative RHML to ensure that the
RHML can be beneficial. The RHML concept could be
integrated into the system design to improve the effi-
ciency of human–robot collaboration, especially with
larger human and robot team sizes, as reported by Kor-
eis et al. (2025). In this case, the learning process is built
directly on the collaborative process.

The assembly process (formulated as an assembly
line balancing problem), which is a production process,
exhibits different task characteristics. First, each assem-
bly task is a result. Second, following the decomposition
of the process and definition of tasks as minimum work
units, each single task cannot be divided further. The
robotic assembly station exhibits strength in conducting
simple and repetitive tasks at higher rates, whereas com-
plex tasks are suitable for humanworkers (Çil et al. 2020).
Recent empirical studies have explored the possibility
of applying cognitive assistive technologies (VR/AR) to
leverage the human learning process while reducing the
cognitive workload in the assembly process, which shows
the potential of knowledge transfer from machines to
humans. Moreover, preliminary laboratory experiments
have explored the benefits of implementing collabora-
tive robots to teach humans in assembly processes to
improve the quality (Gervasi et al. 2024). Liu and Wang
(2017) designed an assembly line by focusing on collab-
orative robots learning human motion during the pro-
cess, which represents the closest approach to knowledge
transfer from human to machine agents. As a further

step, the RHML concept could provide further learn-
ing possibilities, from which both humans and machines
could benefit. In particular, a collaborative assembly sta-
tion that aims to conduct human–robot collaborative
tasks directly provides possibilities for learning from
one another (the archetype collaborative RHML). Despite
the tasks that must be performed collaboratively, delib-
erately switching to sequential task conduction in the
assembly station enables robot assemblers to learn from
human workers, and vice versa (the archetype exploita-
tive RHML). Studies on diverse human teams and human
learning curves in assembly could deliver insights into
RHML applications (Cohen et al. 2022). In knowledge-
based tasks, such as problem-solving in maintenance,
exploitative RHML supports the building of knowledge
documentation by human experts and successful main-
tenance cases, and teaches humans based on documen-
tation.

The archetypes contradictive and crowd-based RHML
suggest that tasks exhibit high levels of complexity. Thus,
conventional systems based on cooperative/collaborative
HMI must be reformed to leverage the learning pro-
cess, generating a new knowledge base. Crowd-based
RHMLutilisesmachine agents to combinemultiple types
of human intelligence. Despite the static task allocation
and sequential task sequence, the machine is respon-
sible for merging diverse solutions, thereby differen-
tiating crowd-based RHML from typical cooperative
HMI. Similarly, contradictive RHML combines intelli-
gence from different agents, particularly the intelligence
from humans and machines, through the contradicting
processes between them. This indicates static task allo-
cation and a parallel task sequence. The RHML process
from the archetypes compares and concludes multiple
solutions, which requires each single (complex) task to
be conducted more than once.

Machines often assist humans in performing repeti-
tive tasks for quality assurance in the production pro-
cess, in which contradictive RHML could be integrated
to enhance process accuracy and consistency. The visual
inspection of components can be performed using ML
(Ravikumar, Ramachandran, and Sugumaran 2011). Pre-
vious studies (e.g. Weiher et al. 2023) have already
incorporated HITL to enhance the performance of such
automatic visual inspection, indicating the possibility
of machine agents benefiting from contradiction in
terms of reducing errors and optimising algorithms.
Resolving contradictions between human and machine
results could also teach humans to improve long-term
accuracy.

Another case involving complex tasks in the mainte-
nance process was identified. In this case, crowd-based
RHMLassisted bymachine intelligence can help to define
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an optimised procedure for problems for which the stan-
dard procedure is yet to be defined. This process relies
on the knowledge base of human experts. Moreover, con-
tradictory RHML enables knowledge transfer between
humans and machines while updating the maintenance
knowledge base. In these cases, an optimised solution for
certain maintenance tasks is yet to be defined owing to
the complexity of the tasks. The prediction and identi-
fication of such tasks represent the next level of RHML
application in the decision-making process. In addi-
tion, predictive maintenance powered by digital twin
models or ML algorithms leverages historical data and
domain knowledge, proactively predicting machine fail-
ures (Zonta et al. 2020). The predictive and data-based
nature of these methods generates a suitable context in
which crowd-based and contradictory RHML can find
potential applications. In these scenarios, humanworkers
must communicate with machine algorithms. Moreover,
generative AI (Badini et al. 2023) could aid in construct-
ing suitable human–machine interfaces.

5.3. Limitations

This review has several limitations. The literature search
strategy and derived conceptual model focus on socio-
technical systems, primarily human–machine collabo-
ration, thereby potentially overlooking sociological and
psychological dimensions that could be relevant to this
study. Nonetheless, the breadth of the literature survey
was intended to allow the inclusion of manifold inter-
disciplinary research under clear criteria. Given the nov-
elty of the RHML concept and its emergence within a
rapidly expanding research landscape, it was necessary to
adopt such a broad literature search strategy to capture
potentially relevant studies. A rigorous and conceptually
grounded set of inclusion criteria, aligned with the core
principles of RHML (see Table 2), was developed and
applied to identify a focused set of pertinent publications
within this wider body of work. Although the selected
methodological approach could have been extended, it
was purposefully designed to ensure depth, contextual
sensitivity, and alignment with the exploratory objectives
of the study.

Although the novelty of the research topic is a
strength, it also means that only a small pool of relevant
studies was available, in particular in the field of pro-
duction and logistics. This limited dataset reduced the
robustness that is typically afforded by inductive sam-
pling, particularly in terms of thematic diversity. While
this research offers a valuable first step toward under-
standing the topic, it remains an early-stage contribution.
As scholarly interest grows and more empirical evidence
becomes available, this work can be a valuable starting

point for future research in this area. However, a reassess-
ment and expansion of this work may be necessary in the
future, as discussed in Section 5.4.

5.4. Future research agenda for RHML in production
and logistics

The current RHML taxonomy forms the basis for iden-
tifying the four archetypes with potential applications
in production and logistics. Furthermore, following the
footprints of technology development and the dynam-
ics of system design challenges, the current taxonomy
and archetypes must be re-evaluated and innovated. To
achieve this long-term goal, we analysed the frequency
of occurrence of several characteristics in our taxonomy.
The results serve as a basis for the possible formulation
of new RHML archetypes by clarifying characteristics
and dimensions that are less frequently (or not) applied
in the current SLR sample. In particular, Section 5.4.1
analyses the possible refinements of RHML archetypes
by analysing dimensions that were formerly selected for
the current archetypes, and hence, by altering character-
istics in the selected dimensions. Section 5.4.2 discusses
the possibilities of including new dimensions for devel-
oping further RHML archetypes. Therefore, this section
provides insights into future research agendas with a
focus on RHML design and applications in production
and logistics. By analysing instantiations from the cur-
rent SLR, the discussion mirrors the state of the current
RHML system design, guaranteeing a systematic view of
research gaps.

5.4.1. Refining RHML archetypes
P1 – System (benefiting from multi-machine intelligence):
Human and machine teams are the key components of
RHML systems that involve single ormultiple agents. The
potential for employing multiple-agent teams is yet to be
explored. In our sample, only 22% of the instantiations
applied to multiple human teams, whereas RHML sys-
tems includingmultiple machine teams were undetected.
Therefore, on the system level, only crowd-based RHML
considered the possible knowledge transfer betweenmul-
tiple humans with the aid of a single machine. In multi-
agent systems beyond the scope of RHML, a multiple-
machine team is considered a basic premise of the system
design. The current RHML paradigm is being extended
by considering how machine teams interact with and
learn from humans.

P2 – Interaction (enablingmultimodal knowledge trans-
fer): Among the four RHML archetypes, explicit com-
munication assumed a leading role (in 61% and 56%
of the cases for humans and machines, respectively),
indicating that information is directly conveyed, such as
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sharing results or suggestions for review, or responding to
inquiries with concrete solutions. Implicit communica-
tion requires other agents to observe during the process.
Thus, information is transferred within the interaction
(with the archetype collaborative RHML). Future works
could further explore the potential of combining these
two communication types to facilitate the RHML process
during task fulfilment (implicit) and after solving a par-
ticular task (mostly explicit) viamultimodal communica-
tion, for which empirical laboratory studies are required
to test the effectiveness and feasibility of different com-
munication channels (e.g. auditory, haptic, visual, and
gesture-based communication).

P3 – Task (pursuing real-time dynamic task alloca-
tion): On the task level, the four current archetypes
exhibit a pre-defined combination of characteristics in
the dimensions of the task allocation (static or dynamic)
and task sequence (sequential or parallel). Static allo-
cation (61%) and a sequential sequence (56%) (crowd-
based and exploitative RHML) was the most common
combination, which shows similarity with the commonly
adopted definition for human–machine cooperation.
Dynamic task allocation is only adopted by collaborative
RHML. Therefore, a refinement of the current RHML
archetypes should focus on assigning tasks dynami-
cally to diverse agents, with special consideration for
their learning progress. This dynamic human–machine
ecosystem requires precise estimation of the human and
machine capabilities, enabling real-time adjustment of
the expert role. Moreover, the combination of dynamic
allocation and a sequential sequence is lacking in the
sampled instantiations. The possible human–ML process
is yet to be defined accordingly.

P4 – Learning (exploring short- and long-term learning
goals):Our sampled studies in the SLR (37) pursuedmid-
term goals (78%), with significant persistence inmedium
timeframes, resulting in a sustainable behaviour change.
Thus, long-term learning goals, particularly learning
progress with transferability across contexts, must be
facilitated in the future. Conversely, the short-term learn-
ing goals detected in 22% of the sampled instantiations
must also be examined because they yield instantaneous
performance optimisation with lower operating costs,
which ensures their wide adoption in particular contexts.

5.4.2. Developing new RHML archetypes
According to the sampled instantiations, the current
RHML archetypes depend on the current state of tech-
nology. Therefore, several dimensions in the taxonomy
were undifferentiable in the use/illustrative cases. This
section discusses various dimensions that were excluded
in the development of the archetypes and their potential
integration for developing new archetypes.

First, the activity dimension describes how each agent
acts in the task conduction process on the system level,
and defines which agent takes initiative in the RHML
process on the interaction level. In the sampled instan-
tiations, these cases exhibit opposing characteristics
between humans and machines, indicating the proactive
human and reactive machine, and vice versa. However,
the instantiations show highly parallelised activity and
independence of the agents. Therefore, several instanti-
ations (39%) featured proactive humans and proactive
machines. This aspect of future RHML design could
result in a further step in defining different mechanisms
of interactions between diverse agents, based on which
the RHML process could be specified. Second, the task
type on the task level differentiates primary cognitive and
physical tasks, with most cases (83%) only involving cog-
nitive tasks. Therefore, RHML is involved in the decision-
making process, ignoring the need to coordinate humans
andmachines physically with RHML. Thus, solutions for
coordinated actions must be further examined. Third, in
the taxonomy, the human learning outcomes were cate-
gorised as ‘remember,’ ‘understand,’ ‘apply,’ and ‘analyze.’
However, the outcomes ‘evaluate’ and ‘create’ were not
detected, limiting the application situations for RHML.
However, a similar categorisation was not adopted for
machine agents owing to their current capabilities. In
the future, additional RHML archetypes could be devel-
oped for humans and machines to enhance the learning
outcomes and extend the learning context. Finally, the
archetypes only include examples of using current learn-
ing methods and theories to enable human learning and
ML (e.g. supervised ML and RL). As a next step, these
methods can be extended to develop a learning process
that is designed for RHML based on serious games (Liu,
Huang, and Zhang 2018).

6. Conclusions

This paper has described a conceptual framework for
RHML, with potential applications in production and
logistics. First, we reemphasized the RHML concept and
its differences from the relevant terminologies (human
learning andML). Second, we enhanced the RHML char-
acteristics (taxonomy) with an SLR across all disciplines.
Third, we formed the RHMLdesign patterns (archetypes:
contradictory, crowd-based, collaborative, and exploita-
tive RHML), enabling its direct application in production
and logistics. Fourth, we discussed the future research
agenda based on the RHML archetypes. This paper pro-
vides a comprehensive overview of current RHML devel-
opment and serves as a tool for future research and
application of RHML in production and logistics man-
agement. We highlighted the advantages of combining
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human learning and ML processes that surpass the cur-
rent mainstream research topics for researchers, focusing
on the learning process within a homogeneous agent
group. In addition, our archetypes, which were defined
based on a thorough SLR, are suitable for practitioners
in various industrial contexts. Based on the demand for
specific production and logistics processes, the RHML
taxonomy further delivers insights into defining process
design details in various aspects.

The knowledge base of RHML, including the taxon-
omy and archetypes, remains in the conceptual stage
and is highly dependent on the current state of tech-
nology, which is a limitation of this research. In the
future, empirical studies based on various scenarios
are essential to investigate the potential RHML con-
cepts for industrial applications and to evaluate its influ-
ence on system performance. Moreover, further refine-
ment of the archetypes and exploration of different
characteristic combinations based on our taxonomy are
required. When designing these studies, task character-
istics, human/machine capabilities, and desired learning
outcomes that formulate hypotheses based on suitable
RHML archetypes must be considered. Furthermore,
the lack of research on RHML from a social science
perspective in particular further highlights the demand
of future RHML conceptualisation based on knowl-
edge updates from social science. The current RHML
concept stems from the existing learning paradigms of
humans and machines. This paper enables the formula-
tion of a (human–machine) bidirectional learning pro-
cess for industrial applications, further exploring RHML
concepts. Therefore, learning techniques for humans
and machines must be refined and developed based
on RHML paradigms. A specially designed interface
between humans and machines can enhance the process
efficiency and learning outcomes owing to the nature of
bidirectional learning. In conclusion, this study addresses
a critical gap at the intersection of human–machine col-
laboration and industrial systems. Contemporary man-
ufacturing environments are increasingly evolving into
symbiotic systems, where human agency and learning are
dynamically complemented by machine- and AI-driven
intelligence. This evolution signifies a shift from unidi-
rectional learning – where humans learn from machines
– to bidirectional or reciprocal learning, in which
humans andmachines continuously learn fromand adapt
to one another. Such a transformation holds significant
implications for knowledge management within produc-
tion and logistics systems. By highlighting this emerging
paradigm, the present work provides valuable insights
into the pivotal role of reciprocal human–machine learn-
ing in shaping future research directions and practical
applications in industrial contexts.
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Appendix B (SLR process)

Descriptions of literature search and selection process

Phase Description Number of works

1 Definition of search string: Reviewing previous work on RHML –
2 Refinement of search string: Iterative adjustment of search terms and Boolean operators; exclusion of terms that do

not address the research field directly
–

3 Search: Search title, abstract, and keywords in Scopus with search string (25.12.2024) 118,543
4 Inclusion criteria: Time, type of publication, language 41,508

- Time span: 2018–2024 (6 years) (72,024)
- Types of publication: conference papers and journal articles only (63,191)
- Language: English only (61,958)
- Omit duplicates (61,736)

5 Refinement to exclude index keywords: Scopus assigns various ‘index’ keywords to each of the listed publications,
which misleads to irrelevant hits

31,583

6 Term frequency: Refine by frequency of human in body title-abstract-author keywords (> 0.01) to exclude papers
with minimal or no focus on human agents

6,322

7 Relevance appraisal: Scan abstracts for evaluation according to six criteria (see Table 4) for relevance of publications
(exclude work that is not relevant)

56

8–1 Forward–backward search: Inclusion of cited publications (forward and backward) that pass relevance appraisal 13
8–2 Second forward–backward search: Repetition of step 8 to ensure exhaustive results 3
9 In-depth review of all accessible publications 72

Appendix C (Number of publications per year)

Years of publication of sampled papers:

Appendix D (RHML taxonomy)

Level Dimension Exclusivity∗ Characteristics

P1 – System Multiplicity ME Single; Multiple
Agent type NE Cognitive; Physical

P2 – Interaction Activity ME Proactive; Reactive
Communication type ME Explicit; Implicit
Communication mode NE Haptic; Visual; Auditory; Natural language; Multimodal
Feedback type NE Informative; Verifying; Corrective; Explanatory

P3 – Task Task type ME Cognitive; Physical
Task goal ME Recognition; Prediction; Coordinated action
Task allocation ME Dynamic; Static
Task sequence ME Sequential; Parallel

P4 – Learning Learning timing ME Pre-/Post-trained; Real time
Learning method ME Supervised; Reinforcement
Learning outcome NE Remember; Understand; Apply; Analyze; Create; Evaluate
Learning goal ME Short-/Mid-/Long-term

∗Mutually exclusive (ME): Characteristics in this dimension are exclusive.
Non-exclusive (NE): Characteristics in this dimension can coexist with overlaps.
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