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ABSTRACT

Research on Extended Reality (XR) and Artificial Intelligence (AI)
is booming, which has led to an emerging body of literature in
their intersection. However, the main topics in this intersection are
unclear, as are the benefits of combining XR and Al This paper
presents a scoping review that highlights how XR is applied in Al
research and vice versa. We screened 2619 publications from 203
international venues published between 2017 and 2021, followed by
an in-depth review of 311 papers. Based on our review, we identify
five main topics at the intersection of XR and Al, showing how
research at the intersection can benefit each other. Furthermore, we
present a list of commonly used datasets, software, libraries, and
models to help researchers interested in this intersection. Finally,
we present 13 research opportunities and recommendations for
future work in XR and Al research.
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1 INTRODUCTION

Extended Reality (XR) and Artificial Intelligence (AI) have become
prominent research topics in Human-Computer Interaction (HCI)
and Computer Science in general. Previously, research on these
topics happened primarily within their respective fields. However,
tools and technologies such as Unity3D and Keras have made XR
and Al more accessible to researchers from different domains and
backgrounds. As a consequence, a new research field has emerged
at the intersection of XR and Al On the one hand, XR researchers
employ Al methods for problems, such as foveated rendering [357],
object tracking [202, 416], or predicting virtual reality (VR) sick-
ness [199, 373]. On the other hand, Al researchers use XR technolo-
gies to address issues, such as understandability, say, by visualizing
neural networks in VR [243], and explainability, for example, by
providing immersive interfaces to train machine learning (ML)
models for non-experts [125]. Furthermore, in 2018, ACM and IEEE
launched new conferences to specifically address research at the
intersection of XR and AI':2.

Currently, it is difficult to obtain an overview of the research
at this intersection. There are some reviews that summarize the
literature on XR and Al for certain topics. For example, they analyze
intelligent embodied agents [262], production systems [299], or
specific use cases, such as surgery simulations [383] or medical
education [99]. However, the purpose of these works is to answer a
specific question on applying XR and Al to an external use case. In
contrast, we aim to provide a comprehensive account of the current
landscape and research directions at the intersection of XR and AL

To remedy this situation, we present a scoping review covering
311 papers published between 2017 and 2021. Scoping reviews aim

'EEE International Conference on Artificial Intelligence and Virtual Reality: https:
//ieeexplore.ieee.org/xpl/conhome/1830004/all-proceedings, last accessed: August 18,
2022

2ACM International Conference on Artificial Intelligence and Virtual Reality: https:
//dl.acm.org/conference/aivr, last accessed: August 18, 2022
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to map the breadth of the available evidence [340]. In doing so,
we follow the process suggested by Cooper et al. [68] and Aro-
mataris and Munn [21]. First, we screened 2619 publications from
203 venues to cover the broad spectrum of XR and Al research. For
the search, we used an inductively built set of XR and Al terms. The
venues include research from XR, Al, Human-Computer Interaction,
Computer Graphics, Computer Vision, and others (see Appendix D
for a complete list of the venues). After a two-phase screening pro-
cess, we reviewed and extracted data from 311 full papers based on a
code book with 26 codes about the research direction, contribution,
and topics of the papers, as well as the algorithms, tools, datasets,
models, and data types the researchers used to address research
questions on XR and Al The extracted data for these codes form
the basis for our predominantly narrative synthesis. As a result, we
found five main topics at the intersection of XR and Al (1) Using Al
to create XR worlds (28.6%), (2) Using Al to understand users (19.3%),
(3) Using Al to support interaction (15.4%), (4) Investigating interac-
tion with intelligent virtual agents (IVAs) (8.0%), and (5) Using XR to
Support Al Research (2.3%). The remaining 23.8% of the papers apply
XR and AI to an external problem, such as for medical training
applications (3.5%) or for simulation purposes (3.0%). Finally, we
summarize our findings in 13 research opportunities and present
ideas and recommendations for how to address them in future work.
Some of the most pressing issues are a lack of generative use of Al to
create worlds, understand users, and enhance interaction, a lack of
generalizability and robustness, and a lack of discussion about ethical
and societal implications.

In summary, we make the following contributions: First, we
summarize the state-of-the-art XR and Al research by presenting a
typology including five main topics. We also provide a dataset of
the reviewed papers, including the extracted data for the codes. Sec-
ond, we present an overview of algorithms, tools, datasets, models,
data types, and user study data from the reviewed papers. We also
provide a list of commonly used datasets, software, libraries, ML
networks, and models in Appendix A. This list can help researchers
interested in XR and Al research to find suitable tools. Third, we
critically discuss current research gaps, and provide 13 research
opportunities, as well as recommendations for future work.

2 BACKGROUND

In this section, we first discuss existing reviews on particular issues
in XR and Al research. Second, we introduce our understanding of
the terms XR and Al

2.1 Literature Reviews on XR and Al

Existing reviews on XR and Al typically focus on a particular as-
pect about XR and Al research, but do not cover their intersection
comprehensively. Lampropoulos et al. [186], for example, reviewed
applications of deep learning, semantic web, and knowledge graphs
to improve augmented reality (AR). They identified object detec-
tion, image processing, and computer vision as three areas where
deep learning can enhance user experience and services in AR.
Throughout the paper, Al is expressed as a technology to enhance
the detection of input like gestures or speech in AR. However, the
paper is not specific on which techniques should be used for these
purposes. Furthermore, there are many reviews of IVAs [262, 263].
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Norouzi et al. [262] presented a systematic review on embodied
agents in AR head-mounted displays (HMDs). They identified the
application of embodied agents in assistive and collaborative roles
as one of the emerging trends. One of the major challenges in this
area is to enhance agents’ understanding of their physical envi-
ronment. Another two emerging trends are the use of agents as
companions (e.g., as therapy partners) and the modeling of agent
personality and empathy. Other articles focused on IVAs in a certain
domain, for example, for education and training [300], professional
skills training [42], or healthcare [225]. Some reviews specifically
address empathy [270] or the nonverbal behavior [30] of agents.
We also found reviews that synthesize literature about applying
both XR and Al for a specific use case. A frequent example of this
category are works from the medical domain, such as clinical simu-
lation for nursing pain education [119], using ML to assess surgical
expertise in a VR simulation [383], personalizing doctor-patient
surgical risk communication [14], or about the application of Al and
AR/VR in medical education [99]. These papers cover individual
topics that report on insights about applying Al and XR (mainly
VR or AR) to a particular external use case, like in the medical do-
main. However, the state of the art of XR and Al research is not
addressed by these papers. We not only differ from these reviews
in methodology (i.e., using a scoping review instead of a systematic
review), but also in our aim of giving an overview of the state of
the art.

We found three papers that describe the broad range of research
at the intersection of XR and Al Luck and Aylett [224] coin the
term intelligent virtual environments in their 2000 article about
“applying artificial intelligence to VR”. A key concept that they use
to discuss work on intelligent virtual environments is the concept of
autonomy. Being very much an outlook into future systems, their
work provides an interesting preamble to our work. Ribeiro de
Oliveira et al. [299] reviewed papers with a focus on how VR and
Al are applied to specific problems in “industry, commerce, services,
logistics, processes, or systems”. This complements our research,
which focuses on basic research at the intersection of the two fields
without addressing how both technologies are applied to such an
external problem. As a result, the authors point out that Al methods
mostly contribute through high precision and high efficiency to VR
problems (e.g., in surgery). The main drawbacks of applying Al for
VR problems is a lack of training data and high computational costs.
The most recent article in this area by Reiners et al. [296] is about
the combination of XR and Al research. The main applications of
XR and Al as revealed in their review, are training (i.e., medical
and military), gaming, robots and autonomous cars, and advanced
visualization. These existing reviews focus around fields that XR
and Al are applied to. In general, a lot of research is going on in
the medical domain and on training. The papers point out that
computational costs and limited training data are two major issues
that limit the current methods. The work by Luck and Aylett [224]
is more conceptual, identifying autonomy as an important axis on
which to describe intelligent virtual instances. In contrast to these
works, our review is focusing on the state of basic research at the
intersection of XR and Al More precisely, we are not interested in
the application domains XR and Al are applied to, but how they are
used with respect to fundamental research questions, for example,
about interaction techniques in XR or user characteristics.
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2.2 Our Understanding of XR and Al

In the following, we characterize the understanding of XR and Al
used in this work. XR is typically referred to as an umbrella term
for VR, AR, and mixed reality (MR) [37, 112, 245, 293]. VR refers
to overlaying the real world with virtual content by completely
blocking real-world content. In contrast, AR refers to virtual objects
being superimposed on an existing, three-dimensional real-world
environment [23] using projection, optical, or video see-through
devices. While researchers generally agree on these notions of VR
and AR, the case is more complicated for MR [333]. The reality-
virtuality continuum by Milgram and Kishino [246] typically serves
as the basis for discussions around the term MR, but it has been crit-
icised to not fully cover modern, more advanced technologies [333].
XR covers all of these notions (VR, AR, MR), and since we aim to
cover the breadth of XR research, we include all of the above terms
in our definition of XR.

In the case of Al giving a definition is more challenging. Nu-
merous articles aim to address the problem of defining AI [92]. As
highlighted by Wang [375], early definitions of the term “indicate
the same scope of intelligence as we see in human action” [261], or
more abstractly note that “intelligence usually means the ability to
solve hard problems” [249]. However, to date, “there is no widely
accepted definition of AI” [375]. The ACM Computing Classifica-
tion System? lists AL as well as ML, as computing methodologies,
while in other cases ML is often considered a sub-category of Al
With our work, we do not aim to add another definition of Al to
this collection. Our definition of Al is reflected in the set of key-
words chosen for the search. To do that, we follow an inductive
data-driven approach. We include articles that communicate on a
high level that they used AI or specify a concrete method of AL
Since, to our knowledge, currently no clear list of such methods
exists, we adopted an iterative approach to obtain Al terms.

3 METHOD

We aim to identify and examine the state of the art of XR and Al
research and, therefore, chose to conduct a scoping review. Scoping
reviews aim to “provide a preliminary assessment of the potential
size and scope of available research literature” [340]. While system-
atic reviews typically focus on one precise question [340], scoping
reviews aim to explore the “range of evidence” [277] rather than
dive deep into one particular question [68, 159, 256]. Since their
aim is to assess the full scope of literature on a topic, literature
is included regardless of methodological quality [17]. Yet, some
authors argue that some sort of quality assessment should take
place to better identify critical gaps in evidence and not just a “lack
of research” [197, 282]. Consequently, our aim is to cover a range of
venues; and we only limited the publication type to full papers for
quality assessment. Furthermore, a formal synthesis is typically not
carried out (as opposed to systematic reviews that require a formal
synthesis) [277]. Instead, scoping reviews present and structure the
located evidence and give an overview of studies or research con-
tributions conducted on a topic [277]. We followed the checklists
suggested by Cooper et al. [68] and Aromataris and Munn [21] for

3ACM Computing Classification System: https://dl.acm.org/ccs, last accessed Septem-
ber 10, 2022
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conducting scoping reviews in the procedure and development of
the protocol.

3.1 Research Questions and Rationale
This review is guided by the following research questions (RQs):

RQ1 What are the main topics researched at the intersection of
XR and AI?

RQ2 What are the main problem areas that are addressed with XR
and Al research?

RQ3 How is the research conducted? In particular, what algo-
rithms, tools, datasets, models, data types, and user study data
are employed to conduct the research?

3.2 Search Strategy

3.2.1 Definition of Keywords. It is a non-trivial task to choose an
appropriate set of keywords that covers the full spectrum of XR
and Al research. To avoid subjective bias, we chose to define the
keywords through a data-driven approach. That means, we defined
one XR-related and one Al-related keyword set based on the key
terms that are used in the literature. Through this approach we
ensure that we find the majority of related keywords and are not
limited to our own knowledge or biases towards terms that we
think describe XR and AT best.

Method to define XR-related keywords. We started with the key-
words “extended reality”, “virtual reality”, “augmented reality”, and
“mixed reality”. We then used this list to search the 2021 proceed-
ings of two XR-related venues (ISMAR?* and VRST®). We compared
the retrieved set of papers with the 2021 proceedings of both con-
ferences and noted the papers that were not in the result list. Au-
thor A° then read the title, abstract, and author keywords of these
missed publications and identified additional XR terms (e.g., “head-
mounted display” and “virtual space”). The aim of this process
was to retrieve the full proceedings with the selected XR-related
keyword list. Table 1 shows the full keyword list.

Method to define Al-related keywords. For the Al keywords we
started with the keywords “artificial intelligence” and “machine
learning”. We then searched the 2021 proceedings of two machine
learning conferences (ICML’ and NeurIPS®) with this set of key-
words and compared the result with the full proceedings. Again,
author A went through title, abstract, and author keywords to iden-
tify additional Al-related keywords. The complete list is shown in
Table 1.

3.2.2  Search. We searched Web of Science® and Scopus'® using an
OR operator between keywords within each set and an AND operator

“International Symposium on Mixed and Augmented Reality: https://ieeexplore.icee.
org/xpl/conhome/9583730/proceeding, last accessed August 28, 2022

5 ACM Symposium on Virtual Reality Software and Technology: https://dlL.acm.org/
doi/proceedings/10.1145/3489849, last accessed August 28, 2002

®Throughout the following sections, we will refer to the six authors of this paper with
A-F to indicate which authors took part in the search, data extraction, and analysis
parts.

"International Conference on Machine Learning: https://proceedings.mlr.press/v139/,
last accessed September 10, 2022

8 Advances in Neural Information Processing Systems: https://papers.nips.cc/paper/
2021, last accessed August 28, 2022

9Web of Science: https://www.webofscience.com/, last accessed: July 15. 2022
108¢opus: https://www.scopus.com/, last accessed: July 15. 2022
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Table 1: Keyword list for the literature search. The search term was constructed by putting an OR operator between each phrase
within a set and an AND operator between the two keyword sets.

XR-related keywords

Al-related keywords

augmented reality, AR, extended reality, head-mounted dis-
play, head-up display, head-worn display, headset, HMD,
immersive environment, mixed reality, virtual environ-
ment, virtual reality, virtual space, VR, XR

agent, artificial intelligence, bandit, classif*, cluster”, com-
putational, computer vision, dataset, deep, estimation, gen-
erative, intelligent, learning, machine learning, markov,
model”, natural language processing, neural, optimi*, pre-
dict*, reasoning, recognition, segmentation, *supervised®,
tensor

between the two keyword sets. We limited our search to the title,
abstract, and author keywords of an article. The specific queries for
each data base are shown in Appendix B.

Furthermore, we applied a number of filters. We limited the
search to the five years from 2017 to 2021, and only included articles
in main conference proceedings and journal articles. We chose to
select the last five years as time period, since we wanted to display
the current state of the art of XR and AI research, including the
most recent developments in the field. Furthermore, previous years
have in part been covered by several narrower reviews on these
topics [296, 299]. We realized that Scopus does not index some of
the ML conferences that we deemed important for our review (e.g.,
NeurIPS). Therefore, we decided to use Web of Science only. The
initial search yielded a result of 10714 records. By double-checking
some of the conferences, we found errors in the database (e.g., years
2020 and 2021 were missing for VRST?, years 2019, 2020, and 2021
were missing for IEEE Transactions on Image Processing!!). For
other publication venues, a substantial part of the papers published
in certain years were missing (e.g., only 373 out of the 746 papers of
the CHI 2021 proceedings'? were found). Consequently, we decided
that Web of Science worked too unreliably and adopted a venue-
based approach.

We selected a set of venues based on the search results. We
found papers from a total of 1361 publication venues, including
conference proceedings and journal publications. Authors A and
F then identified which venues should be included in the search.
They first individually coded 25% of the venues with include (yes/no)
(intercoder reliability: 82%). After resolving conflicts, the remain-
ing venues were coded by author A. The criteria for including a
publication venue are shown in Appendix C. The complete list
consists of 203 publication venues and is shown in Appendix D. We
then conducted a separate search with our search term for each of
the venues on the publisher websites, ACM DL!3, IEEE Xplore“,
ScienceDirect!®, PMLR!®, and NeurIPS Proceedings”. We used the
same search query and filters as in the initial search.

HEEE Transactions on Image Processing: https://ieeexplore.ieee.org/xpl/Recentlssue.
jsp?punumber=83, last accessed September 10. 2022

12CHI 2021 Proceedings: https://chi2021.acm.org/proceedings, last accessed September
10, 2022

13ACM DL: https://dl.acm.org/, last accessed: July 15. 2022

41EEE Xplore: https://ieeexplore.ieee.org/, last accessed: July 15. 2022
15ScienceDirect: https://www.sciencedirect.com/, last accessed: July 15. 2022
16Proceeding of Machine Learning Research: https://proceedings.mlr.press/, last ac-
cessed: July 15. 2022

7NeurIPS Proceedings: https://papers.nips.cc/, last accessed: July 15. 2022

3.3 Evidence Screening and Selection

We adopted a two-phase screening process: In the first phase, we
screened the papers based on title, abstract, and author keywords
and in the second one based on the full text. Figure 1 shows the
PRISMA diagram for scoping reviews (PRISMA-ScR) [356]. It details
the complete process from initiating the search to identifying the
papers included in the analysis. For both screening phases we first
conducted a calibration phase on each 10% of the records in which
all coders (authors A-E) screened the same set of papers, followed
by single extraction for the remaining papers.

Exclusion and inclusion criteria. Based on our research questions,
we defined the following exclusion (EC) and inclusion (IC) criteria.
We derived them in an iterative process: Authors A and F first gen-
erated an initial set of criteria, which was refined with all authors
after the screening process. Both screening phases used the same
criteria, except E9, which we added after the first screening phase
and thus it only applied in the second one.

EC1 Not in main proceedings: adjunct, poster, extended abstract,
companion proceedings, short paper, workshop proposal,
position paper, demo, editorial.!8

Survey or literature review: We excluded surveys, literature

reviews, and opinion pieces.

Year: not published between 2017 - 2021.18

Missing term: No XR or Al term is mentioned. We found a

considerable amount of papers as part of the result list that

should not have been found by the search engine.'®

False positive: Words/terms are used in a different sense of

the word (e.g., “model” is used in the context of 3D modeling

but not to refer to an ML model).

EC6 Example mention: XR and Al term is only mentioned as an
example in the abstract or introduction(e.g., as motivation),
but the work itself does not use any type of XR or Al

EC7 Example application: XR term is used as one example appli-
cation or implementation OR the XR term refers to training
or testing or simulation of an Al method in a virtual envi-
ronment, but not for actual deployment.

EC8 Dataset: A dataset is presented, but no XR or Al reference is
made.

EC9 Lacking information: The paper does not present enough
details to allow for full application of the codes.

EC2

EC3
EC4

EC5

8These cases should have been excluded by the search engine, but still we had some
in the search result.
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Records identified through searching multiple
databases between 15/06/2022-24/06/2022
(n=5529)

v

false positive term (n=69); duplicate (n=3); not in main proceedings (n=4)

Records removed before screening (n=2910)
no XR term (n=1817); no Al term (n=963); survey (n=54);

A\ 4

v

Records screened on title + abstract:
(n=2619)

v

Records excluded (n=1931)
EC1 (n=17); EC2 (n=9); EC3 (n=9); EC4 (n=23);
EC5 (n=1370); EC6 (n=438); EC7 (n=51); EC8 (n=14)

v

Records sought for retrieval:
(n=688)

\4

All reports could be retrieved.

A 4

A 4

Records assessed for eligibility based
on title + abstract + full paper:
(n=688)

\ 4

ECI (n=44); EC2 (n=2); EC3 (n=0); EC4 (n=2); EC5 (n=210); EC6 (n=67);
EC7 (n=12); EC8 (n=1); EC9 (n=35); Duplicate (n=1); not in English (n=3)

Records excluded (n=377)

A 4

Articles included in data extraction
(n=311)

Figure 1: The PRISMA-ScR flowchart documents the scoping review process from identification of sources to the final sample

of articles that are included for data extraction.

IC1 AI method applied for XR: An Al method is applied for an XR
problem (e.g., for redirected walking, viewport generation,
or sickness prediction).

IC2 XR applied for AI: An XR technology is applied for an Al
problem (e.g., to visualize neural networks in VR).

IC3 Interaction with embodied AI: Papers aiming to enhance in-
teraction with intelligent VAs.

IC4 Application focus: XR and Al are applied to a problem, but
are not the focus of the presented research (e.g., an AR-based
system that helps with tumor recognition and applies deep
learning to estimate positions).

IC5 Requires further reading: We included papers for the second
screening phase when it was not clear from reading the
abstract whether it meets the inclusion criteria.

Before the first round of screening, we implemented a script to
identify obvious exclusion cases. First, the script identified whether
there was no XR or Al term in title, abstract, or author keywords.
Such cases should not have been found by the search engines in the
first place, but we still had some cases in our list. Second, it identified
survey papers (by looking for the words “survey” and “review” in
the respective fields). It also highlighted cases where “learning”
referred to an educational context and cases where “AR” referred to
a false positive case, such as “LDAR”. Lastly, it identified duplicates
by comparing the DOI of the papers and highlighted whether a
paper was not published in the main proceedings (by highlighting
the words “extended abstract”, “short paper”, “poster”, “adjunct”,
“companion proceedings”). Author A reviewed and excluded these
cases when needed.

First round of screening. In the initial screening, 2619 unique
records were screened based on title, abstract, and author keywords
by authors A-E. First, the five authors screened the same subset
of 10% of the papers (258) separately. In a meeting after this cali-
bration phase, the authors discussed discrepancies and refined the
definitions of the exclusion and inclusion criteria. Before the discus-
sion, there was an agreement of 56.6%, where all authors coded the
respective record with the same decision. For another 23.6% of the
records, all but one coders agreed (i.e., four coders agreed on the
same decision) and the majority vote was taken. For the remaining
19.8% the authors disagreed. These papers were discussed in a meet-
ing and and discrepancies were resolved. After the calibration, the
remaining papers (2361) were distributed equally between authors
A-E, resulting in a pool of 688 papers to be included for the second
round of screening.

Second round of screening. The full text screening was conducted
together with the data extraction phase. The authors first screened
the full text for eligibility with the same exclusion and inclusion
criteria as in the first round. Only one criterion was added (E9),
which refers to the paper not presenting sufficient details on the
methods, implementation, or results part to apply the codes. If the
paper was included, data extraction was performed.

3.4 Data Extraction and Code Book

A total of 311 papers were included for the data extraction phase.
We charted data for four main categories: “research objective and

contribution”, “user-based evaluation”, “XR-related codes”, and “Al-
related codes”. The data items are presented in Table 2. The complete
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Table 2: Summary of the codes used for data extraction. See Table 13 and Table 14 in the Appendix for the code book including

a description for each code.

Research objective + contribution User-based evaluation

C7 Type of user study

C8 Purpose of user study

C9 Metric for user-based evaluation
C10 Study details (e.g., sample size)

C1 Category

C2 Research question/objective
C3 Contribution or main findings
C4 Contribution type

C5 Al part of the contribution?
C6 Limitations

XR-related

C11 Type of XR

C12 Device type

C13 Interaction/application/task
C14 What XR problem is solved?

Al-related

C15 Custom implementation? C19 Validation and test C23 When/how Al is applied
C16 Tool/library/dataset used C20 Performance + validation metric ~ C24 Data acquisition

C17 Class of algorithm C21 Model technique C25 Publicly available resources

C18 Details about algorithm

C22 Purpose + application

C26 What Al problem is solved?

code book (i.e., the codes with descriptions) is presented in the Ap-
pendix in Table 13 and Table 14. Authors A-E coded the papers.
The code book was developed in an iterative process that combined
an inductive and deductive strategy. We first started with a set of
codes identified by author A. We then defined a random sub set of
10% of the papers (=69 papers), which we used for calibration to
evaluate the suitability of the codes. During this phase we had three
meetings, in which we discussed the codes’ suitability. Author A
discussed the codes with author F in three separate meetings. After
the calibration phase, we had a final set of 26 codes. We performed
single extraction for the remaining papers. The remaining 619 pa-
pers were distributed among coders A-E (A:150, B:150, C:149, D:150,
E:20).

3.5 Critical Appraisal, Potential Bias, and
Limitations

Critical appraisal. Scoping reviews typically include all available
evidence regardless of methodological quality [17]. We followed
this approach. However, to receive a manageable set of papers, we
decided to include the full paper proceedings and journal publica-
tions only. Besides these filters we did not exclude papers based on
their methodological quality.

Limitations and potential bias. We acknowledge that our key-
words selection process might have been influenced by the papers
in the specific proceedings that we chose as a basis for the se-
lection process. We chose this process to reduce subjective bias
as much as possible. A second point that made the selection of
keywords difficult is that both concepts (XR and Al) lack a clear
definition. This is especially the case for Al Being an ill-defined
concept, it is difficult to find a comprehensive list of keywords and
existing lists are likely biased towards the authors understanding
of AL Therefore, generating a list based on our outlined iterative
process is the most bias-free solution that we found feasible. In
conclusion, although we might have missed some keywords, we
are confident that we found the majority of relevant papers. We
aimed to cover the breadth of research at the intersection of XR
and AL Therefore, we defined broad keyword sets. We intentionally
included terms that might only loosely be connected to XR and

Al (e.g., “virtual space” in addition to “virtual reality” or “model”
and “intelligent”). This approach left us with a high number of false
positives. Yet, we still deemed it necessary to go for this breadth-
first approach to really cover the full scope of XR and Al research.
Nevertheless, we acknowledge that this approach might not be in
agreement with other researchers’ definitions of XR and Al, who
might have selected a more focused set of keywords. We adopted a
data-driven approach to define the terms XR and Al We did this
to cover a broad spectrum of research. However, we acknowledge
that there are other understandings of XR and AI, which might
have led to a slightly different set. To reduce errors in the screening
and coding phases, we conducted calibration phases on each 10%
of the records for the screening and the data extraction phase with
all the coders. Furthermore, we had extensive discussion sessions
to resolve conflicts and adapt the exclusion/inclusion criteria and
code descriptions (two one-hour sessions for initial screening, three
one-hour sessions for full-text screening and data extraction).

3.6 Analysis and Informal Synthesis

Our analysis combines categorization, quantization, and narrative
synthesis. First, we categorized the papers into topics based on
C1. Then, we collected the research question(s) (C2) and contri-
bution statements (C3, C4, C5) of each paper and summarized the
main topic of the paper in one sentence. These sentences were
grouped into topics using an approach inspired by affinity diagram-
ming [222]. While author A performed this process, all authors
discussed the topics in three meetings. The result of this process is
a typology about the state of the art of XR and Al research, which
is presented in the next section. Furthermore, we summarized the
quantitative codes (C10, C11, C12, C17, C21, C23, and C24) and, based
on the summary of all codes, we created a narrative synthesis, which
is presented in the following.

4 RESULTS

In the following, we present the review results. First, we give an
overview of the papers’ research directions, publication venues,
distribution of XR technologies, and distribution of keywords. Then,
we present a typology of the state-of-the-art XR and Al research and
give an overview of the main problem areas and methods. Our aim
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Figure 2: (A) Number of records per year. (B) Number of records per research direction.

is to reveal and discuss general trends and point out challenges that
the intersection as a field has to face. Therefore, while discussing
several reviewed papers in detail, describing all the included papers
is not within the scope of this work. However, we provide the full
list of papers as a resource for future in-depth analyses.

4.1 Overview of Papers

The final corpus consists of 311 unique papers. The papers were
published in 50 publication venues, with the most frequent ones
being VRST (57), AIVR (42), TVCG (35), ISMAR (28), and CHI (22).
Table 15 in the Appendix shows the full list of the number of papers
per publication venue. The number of published papers per year is
increasing, with a slight drop in 2020 (see Figure 2 A). Notably, the
number of publications on XR and AI has more than quadrupled
from 2017 to 2021.

4.1.1 Research Directions. Based on C1, we found four research
directions (see Figure 2 B).

o Al for XR: Papers that address or investigate an XR problem
using an Al method (187/60%). These papers typically present
an algorithm or model to address an issue in XR (e.g., VR
sickness), often with a focus on prediction, and an empirical
evaluation thereof.

o XR for Al: Papers that address or investigate an Al problem
using XR technologies (7/2.3%). These papers either use XR
to visualize an Al technique to improve understandability,
or focus on generating training data for XR.

o Intelligent VAs: Papers that address or investigate a prob-
lem concerning intelligent VAs (43/13.8%). The papers are
either concerned with the design of agents (e.g., physical
appearance) or with how users perceive VAs (e.g., regarding
trust).

o XR and Al Applied: Papers that apply an XR technology and
an Al method to an external problem (74/23.8%°). These pa-
pers typically present applications, such as medical training
applications or using XR for simulation purposes (e.g., driv-
ing simulators). The focus in this research direction is not
on an XR or Al problem. We grouped these papers into eight

Due to rounding, the percentages add up to 99.9% and not 100%.

topic clusters, with the largest one being health-related train-
ing applications (18), simulation applications (13), and general
training and learning applications (11). However, since our
paper’s focus is on the research that addresses problems
within XR and Al these papers will not be further discussed.
Table 18 in the Appendix gives an overview of the clusters
and papers.

4.1.2  Publication Venues. Most of the papers were published in
XR venues (36%), followed by Computer Graphics (19.6%), venues at
the intersection of XR and Al (14.1%), and HCI (13.5%). Only 5.8%
of the papers were published in AI venues. The remaining papers
were published in venues on Artificial Agents (3.3%), Computer Vi-
sion (2.9%), Affective Computing (2.3%), Eye Tracking and Perception
(2.3%), or others (0.3%). Table 16 in the Appendix shows an overview
of the published papers per research direction and venue group.
Since this paper is written from an HCI perspective, we took a
closer look at the papers published in HCI venues (42/13.5%). When
it comes to research directions, the distribution of the HCI papers
is almost identical with the overall distribution: AI for XR 60%, XR
for AI 0%, Intelligent VAs 14%, and XR and AI Applied 26%.

4.1.3  Distribution of XR Technologies. Most of the papers present
research on VR (68%) or AR (21%). The remaining 11% present
research about a relevant issue for XR, which is not actually tested
in XR, but with images [221] or videos [29, 289]. The distribution
of VR/AR for the research directions is: AI for XR (74% VR/19% AR);
XR for AI (100% VR/0% AR); Intelligent VAs (67% VR/16% AR); and
XR and Al applied (56% VR/37% AR).

4.1.4 Distribution of Keywords. The most common keywords in
title, abstract, and author keywords for XR were virtual reality
(375) and VR (372). Extended reality was found only four times. For
the Al keywords the most common ones were learning (214) and
model (207). Artificial Intelligence was found 24 times. In Appendix
Table 17 we show on overview of the complete list of keywords per
research direction.
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Figure 3: Al is used to create XR worlds by (1) creating a realistic replication of the real world, (2) modifying the real world, or

(3) generating a synthetic world.

4.2 Typology of the State-Of-The-Art XR and Al
Research

We present the state-of-the-art XR and Al research as a typology.
To create the topics, we grouped the papers into clusters based on
the extracted research questions and contribution statements (C2
and C3) as described in subsection 3.6. In the following, we present
the topics for the first three research directions; the fourth is not at
the core interest of this review.

(1) Using Al to create XR worlds (89/37.6%%°);

(2) Using Al to understand users in XR (60/25.3%);
(3) Using Al to support interaction in XR (48/20.3%);
(4) Interaction with IVAs (25/10.5%);

(5) Using XR to support Al research (7/3%).

4.2.1 Using Al to Create XR Worlds. Al is used to create virtual
representations of environments, people (avatars), agents, and ob-
jects. How these are created is by either (1) realistically replicating
the real world, (2) modifying the real world, or (3) generating a
synthetic world (see Figure 3).

Creating Environments. With 34 (14.3%) papers, the largest clus-
ter of creating XR worlds addresses the problem of creating an XR
environment, most of them with a focus on realism. Nine papers
present work on improving tracking or reconstructing real-world
geometries in XR spaces (e.g., [71, 137, 353]). Besides visual repre-
sentations, two works present the reproduction of spatial audio or
sound effects in XR worlds [56, 162].

Chang et al. [56] use a generative adversarial network (GAN)
for creating real-time synthetic drum sounds in VR perceived as
real by the users. Kim et al. [162] present a system to recreate
the spatial sound of a room using a CNN to estimate the depth
from different images. The spatially synchronised audio is then
reproduced by combining the depth estimates with the spatial

20From here on the percentages are given in relation to the 237 papers that are part of
the typology. 3.3% of these papers categorized as other.

sound library Resonance Audio?!. There is also work on realis-
tically presenting virtual content [95, 107, 200], for example, by
improving the rendering of motion cues to improve depth percep-
tion in VR [255, 303]. Another cluster is about the improvement
of image quality [54, 184, 387] and optimizing illumination
[215, 231, 307]. Two works aim to improve the efficiency of algo-
rithms [117, 411].

Seven examples modify an XR world by mapping a physical
and a virtual environment. In this case, the content of the XR
world is mapped to the physical world, creating a mix of real and
virtual environments. For example, Taylor et al. [346] present an
approach to create virtual representations of real rigid and non-rigid
objects. They used a CNN to predict deformation parameters of said
objects. Cheng et al. [60] present an optimization-based approach
to automatize the process of placing virtual interfaces in the real
environment to enhance user performance. Another example is
the work by He et al. [122], which maps virtual objects to real
objects. Yoon et al. [402] map the virtual environments of two users
working in different physical spaces to allow them to interact in
the same virtual space, while considering their individual physical
constraints. Furthermore, there is work on correctly placing virtual
characters according to real-world scene semantics [187].

We found one example that followed a generative approach to
generate an environment. Sra et al. [334] show how virtual
worlds can be generated based on music-induced moods (in partic-
ular happiness and sadness). As highlighted by the authors, a way
of creating an XR world that abstracts from realism but focuses on
an aesthetically pleasing appearance is a challenging task, which
might explain that current XR worlds mostly focus on realism. Fur-
thermore, current challenges remain, as interactive elements still
have to be added manually.

Creating Avatars. 27 (11.4%) of the papers focus on realistically
replicating human bodies to create avatars in XR. The majority
of these papers is concerned with the physical appearance of

ZResonance Audio: https://resonance-audio.github.io/resonance-audio/, last accessed
September 15, 2022
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Table 3: Typology of XR and Al research.

Main Topic Cluster Count Papers
Using Al to Create XR Worlds 89
Creating XR Environments 34
Tracking of environments 9  [53,56, 71,131, 137, 161, 162, 182, 353]
Presenting realistic virtual content 6  [95,107, 153, 200, 255, 303]
Measuring and optimising illumination 5  [180, 215, 231, 307, 409]
Optimising image quality 4 [54, 184, 209, 387]
Mapping environments 4 [60, 122, 187, 402]
Augmenting content in AR 3 [140, 147, 174]
Improving efficiency 2 [117,411]
Generating environments 1 [334]
Creating Avatars 28
Recognition and animation of facial expressions 6  [61, 181, 268, 320, 341, 348]
Physical appearance: certain aspects of human bodies 6 [229, 236, 361, 377, 386, 390]
Tracking 4 [87,215,272,352]
Physical appearance: full body reconstruction 3 [52, 205, 283]
Influence of avatars on users 3 [2,193,284]
Animation of movements 2 [24,176]
Toolkit for creating avatars 1 [120]
Animation of gaze behaviour 1 [323]
Animation of gestures 1 [295]
Modification 1 [241]
Creating Agents 18
Realistic modelling of agent behaviour 12 [12, 33, 34, 106, 110, 185, 286, 288—290, 309, 398]
Investigating non-realistic agents 5 [167, 297, 370, 376, 418]
Blended agents 1 [317]
Creating XR Objects 9
Tracking of objects 4 [202, 346, 347, 416]
Rendering of objects 3 [216,331,391]
Modifying object appearance 2 [257,358]
Using AI to Understand Users 60
Predicting VR Sickness 25 [25,82,88,132, 142, 143, 146, 163-166, 168, 170, 171, 194, 195,
199, 210, 232, 251, 267, 273, 294, 320, 373]
Predicting User Characteristics 13 [8,103, 127, 128, 175, 207, 226, 230, 259, 321, 328, 362, 400]
Predicting Viewport and Head Movement 11 [7,90, 91, 124, 279, 304, 305, 357, 365, 366, 406]
Eye Tracking and Gaze Analysis 11
Gaze analysis and visual attention estimation 4 [9,77,201,337]
Gaze prediction 4 [134-136, 393]
Eye tracking and gaze modelling 3 [81,178, 221]
Using AI to Support Interaction 48
Gesture-based Interaction 22
3D mid-air gesture interaction 11 [72, 105, 126, 219, 238, 239, 248, 322, 350, 372, 403]
Gesture recognition and classification 11 [16, 57, 98, 148, 234, 250, 325, 380, 392, 395, 410]
Locomotion Techniques 13
Redirected walking techniques 8 [58, 62,80, 100, 191, 192, 204, 336]
General locomotion techniques 5  [46,47, 118, 158, 269]
Novel Devices 7
HMDs 4 [6,196, 292, 388]
Controllers 3 [96,326,371]
Novel Interaction Techniques 3 [76, 121, 123]
Haptic Feedback 3 [66,83,399]
Interaction with Intelligent Virtual Agents 25
Interacting with Crowds of Agents 10 [32, 38,74, 156, 183, 188, 258, 271, 306, 368]
Physical Interaction with Agents 7
Peripersonal space 4 [40, 41, 48, 342]
Touch 3[4, 44,129]
Interacting with One Agent 4 [43, 113,382, 421]
Trust in Agents 4 [114-116, 139]
Using XR to Support AI Research 7
Visualising AI Methods in XR 5 [28, 125, 228, 243, 343]
Generating Training Data for XR 2 [94, 287]
Other 8
User Authentication and Identification 7[5, 15, 133, 208, 247, 280, 281]
Software Testing For VR 1 [11]

avatars, either by capturing and reconstructing the complete body
of a person [52, 205, 283] or by reconstructing specific parts of
the body, like the teeth [361], face [229], or fingers [236]. A par-
ticularly challenging problem is to create realistic hair. Xing et al.
[390] present an approach that combines expert feedback with deep

learning to create realistic models of hair. Hair modeling artists
created a set of structures and styles, which served as the basis for
the model. Furthermore, there is work on recognizing and gener-
ating facial expressions of avatars [61, 268, 341], for example, by
tracking the eyes or facial expressions of a person and rendering
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that on an avatar’s face [181, 320, 348]. All of these works aim to
create some part or even the complete body of a realistic virtual
avatar. We found three works on the influence of such a realistic
avatar on the user. For example, they studied how distortion in
avatar movement [284] or walking in place [193] influence body
ownership. We found only one example of a modification of an
avatar. McIntosh et al. [241] presented an adaptable avatar that,
based on a task-integrated optimization approach, changes its arm
or finger length based on target distance. As a result, the adapted
avatar created less frustration and less physical demand compared
to the non-adapted one. This work shows the potential of modify-
ing virtual representations of humans for specific tasks. We did not
find any case about generating a synthetic avatar.

Creating Agents. 18 papers (7.8%) related to creating IVAs, 12 of
which focus on realistically modeling agent behavior, and five
on investigating non-realistic agents. We found that agents in
VR are typically embodied and modelled to imitate human appear-
ance and behavior. To achieve this realistic modeling, researchers
have modelled gait [290, 398], gaze [12], and personality [309],
among others. However, we found several works questioning whether
VAs should be modelled realistically. For example, these works com-
pare realistic, embodied VAs with other forms of agents [167, 370,
418]. Reinhardt et al. [297] compared an invisible agent with a sim-
plified humanoid agent and a fully textured realistic agent. They
found that non-verbal behavior, such as eye contact, seems to be the
main cue why a realistic agent was preferred over the others. Weber
et al. [376] present a design space for edible VAs for human-food
interaction by augmenting food with virtual eyes and hands. The
edible agents could explain facts about themselves (e.g., ingredi-
ents) and made the meal a “fun experience”, while allowing the
users to learn something about the food. These works on unreal-
istic agents can be understood as modifications, since they take
the human body as basis and modify the appearance or behavior
[167, 297, 376]. Lastly, we found one paper [317] about mapping
realities. They present blended agents that are able to manipu-
late physical properties of virtual objects, thus bridging the gap
between realities. This was perceived as “amazing” and “surprising”
by participants of the user study. They also mentioned that the
physical consequences of an agent’s movements made it appear
more present. This work is the only of its kind in our corpus; it
shows the promises of XR-based interaction by mapping realities
with agents. We did not find any work addressing the synthetic
generation of agents.

Creating Objects. Nine papers (3.8%) create XR objects, either
realistically (7) or by modifying the real world (2). Four of these
papers were about object tracking [202, 346, 347, 416] and three
about object rendering [216, 331, 391]. Liu et al. [216] used a GAN
for creating virtual object shadows in AR. The algorithm generates
a shadow based on a synthetic AR image and a virtual object mask
input. The authors report their key insight is that the model is
able to map a virtual shadow to an object based on the depth clues
provided in the environment only. We found one particular use
case where objects were modified. Concretely, these papers are
about modifying the appearance of food [257, 358]. Nakano et al.
[257] use StarGAN to overlay the complete image with a newly
styled version of the food (i.e., different style of noodles or rice),
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while Ueda and Okajima [358] used a version of ResNet to track
and recreate the exact shape of the food. Similar to the avatars,
we did not find an example for generating synthetic objects for XR
worlds.

4.2.2  Using Al to Understand Users. In total 60 (25.3%) papers pre-
sented work about understanding users in XR.

Predicting VR Sickness. The most frequent topic about under-
standing users is predicting VR sickness (25/10.5%). Despite the
high density of this cluster, only a few papers present real-time
applications [25, 88, 210, 232], while most of them analyze sickness
symptoms post-hoc (e.g., [165, 251, 373]). There are many different
approaches for predicting VR sickness, such as using support vector
machines [88, 232], long short-term memory networks [164, 165],
or convolutional neural networks [146, 195]. In terms of model
technique, ten papers addressed the problem as a classification
problem and ten as a regression problem. However, while many
papers work on predicting sickness, Al is not often applied for a
solution. The work by Lim et al. [210] is an exception here. They
present a solution that dynamically adapts the field of view to a
minimal degree to reduce VR sickness symptoms.

Predicting User Characteristics. The second cluster in under-
standing users presents work about predicting user charac-
teristics, such as affect and emotion [128, 328, 400], presence
[207, 230, 321], or mental workload [226].

Predicting Viewport and Head Movement. The most basic form
of interacting with an environment is viewing. We found ten pa-
pers that presented a technique for viewport or head movement
prediction (e.g., [7, 124, 304]). These works typically address the
problem of computational rendering cost and propose to only ren-
der the part where the user is looking at with high detail.

Eye Tracking and Gaze Analysis. Lastly, there are 11 (4.6%) papers
that present approaches for eye tracking and gaze analysis. In
particular, there is work on gaze prediction [135, 136, 393], visual
attention estimation [9, 77, 201, 337], and gaze modeling [81, 178,
221].

4.2.3 Using Al to Support Interaction.

Gestural Interaction. The majority (22/9.3%) of papers in this area
are about 3D mid-air gesture-based interaction. They, for ex-
ample, present improvements in hand tracking for a better gesture
recognition (e.g., for AR [248, 372], for VR [239]). Most of these
works focus on hand gestures [57, 250, 410], hand pose estima-
tion [16, 380], and hand trajectory prediction [98]. We identified
four papers presenting work on gesture interaction using other
modalities, namely foot [325], face [234, 395], and waist gestures
[392]. Mo et al. [250] present a tool for designing hand gestures for
MR applications with minimal training data. Hirota and Komuro
[126] present a classifier to recognize whether a hand gesture is a
grasping gesture. Tian et al. [350] also present a grasping algorithm.
Three papers address the problem of freehand mid-air sketching
in VR [105, 219, 403]. Yu et al. [403] present a real-time application
that allows users to sketch 3D objects based on curve networks. The
system is specifically tailored towards idea generation and concept
sketches. The algorithm first calculates possible intersections of
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new strokes with the existing 3D curves created by users. It then
selects an intersection based on discrete optimization. There are
two works focusing on users’ perception of gestures rather than
improving the tracking thereof [72, 238]. Dalsgaard et al. [72] built
a model that reflects natural pointing in a 3D space. In particular,
they focus on features that best describe natural pointing. They
compared several ML models (Naive Bayes, RF, SVM) for both a
classification and regression problem and found the best accuracy
for SVM-based classification.

Locomotion Techniques. The vast majority of the 13 (5.5%) papers
about locomotion techniques present improvements on redi-
rected walking (e.g., [80, 191, 204]). They mostly address this
as reinforcement learning [58, 192, 204, 336] or regression prob-
lem [62, 100, 191]. There is also work on backwards movement
[269], evaluating unintentional positional drifts [47], and walking
in place [158].

Novel Devices. Seven (3%) papers apply Al to design and imple-
ment novel devices, in particular, controllers [96, 326, 371] and
HMDs [6, 196, 292, 388]. Shigeyama et al. [326] present a haptic
controller that changes its shape dynamically to adapt to different
objects by mapping its mass properties to the form of the respec-
tive object. A linear regression model was optimized to predict the
shape of the controller based on the properties of VR objects.

Novel Interaction Techniques. Only three (1.3%) papers used Al
to create non-gesture-based novel interaction techniques. These
are virtual keyboard typing [123], a smartphone-based interaction
technique for AR [121], and a framework for sword fighting expe-
riences in VR [76].

Haptic Feedback. Lastly, three (1.3%) papers aimed to improve
haptic feedback in XR by using drones [83], haptic retargeting
[66], or simulating haptics using a robotic prop [399].

4.24 Interacting with Intelligent Virtual Agents. Besides the physi-
cal appearance and behavior modeling aspects about VAs, which
we discussed in the paragraph about creating agents in subsubsec-
tion 4.2.1, 25 (10.5%) papers investigated the interaction with in-
telligent agents. The largest group in this category is about social
aspects of interacting with a crowd of agents (e.g., [38, 306, 368]).
They investigate empathy towards groups of VAs [156], algorithms
to generate plausible movements for agents interacting with other
agents [258], or creating VAs that are able to transition between
individual and collaborative behavior [183]. Furthermore, seven
papers present work on physical aspects with agents, includ-
ing how users perceived physical touch by agents [4, 44, 129] and
how their relationship to agents influenced users’ perception of
peripersonal space [40, 41, 48, 342]. Four papers each were about
interacting with one agent [43, 113, 382, 421] and measuring
different aspects about trust in VAs [114-116, 139].

4.2.5 Using XR to Support Al Research. We only identified seven
works (3%) that apply XR technologies to Al problems (2.3%). Five of
these works visualize AI methods in XR, for example, for immer-
sive analytics [343], or to improve the understanding of neural net-
works for non-expert users by visualizing them in VR [28, 228, 243].
Hilton et al. [125] present a tool for non-experts to configure and
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train an ML model. With the increasing complexity of neural net-
works, such methods are promising to facilitate the interaction with
neural networks for novices. Another problem of Al methods in
general is the limited amount of available data and, consequently,
the generation of training data. To address this problem, typ-
ically images are synthesised by creating variants of one image.
Franchi and Ntagiou [94] address this problem in VR by providing
an application to create synthetic VR training data. Lastly, Ramirez
et al. [287] provide a tool for labeling data in VR.

4.2.6 Topic Distribution for HCI Papers. Similar to the research
direction, we analysed the topic distribution for HCI papers (3122).
39% (12) of the HCI papers used Al to create XR worlds, with two
papers creating XR environments and each five creating avatars and
agents. We found only two papers (6%) in the understanding users
category with both focusing on predicting user characteristics. The
majority of HCI papers (15/48%) use Al to support interaction. Most
of them use it for gestural interaction (10). Lastly, there is one paper
about the interaction with intelligent VAs and one in the “other”
cateogry.

4.3 Main Problem Areas Addressed in XR and
Al Research

We found 15 problem areas that are addressed by the papers in our
corpus (see Table 4). The list of challenges is based on the articles
on challenges in AR and virtual environments by Billinghurst [36],
Kim et al. [173], and Slater [329]. Most of the papers address a
challenge about perception and neuroscience (21.9%). The main
interest in this area is about understanding how users perceive realis-
tic worlds and about how interacting with these worlds affects users,
for example, in their feeling of presence [230], emotions [127], or
visual attention [77]. The second area is interacting with IVAs
(19.8%). Research on these challenges is mostly empirical (16.5%).
The actual behavior of agents is rarely implemented based on a
model, but mostly scripted. The third challenge is the presenta-
tion of virtual content. Here, many ML models are applied and
evaluated with perceptual user studies (19.8%). These papers are
about optimizing image quality or tracking of the real world and
representing it in XR. This is similar for the problem of tracking
technologies (17.3%). We found only one topic about health in XR,
in particular simulator sickness (10.5%). The focus of these papers
is on building ML models, followed by empirical research, but not
all the ML models are evaluated empirically. The next two problems
are creating high fidelity human characters (10.1%), which is
mostly addressed by a combination of an ML model and an empiri-
cal evaluation. The same holds for interaction techniques (9.7%).
Surprisingly, there were only 21 (8.9%) papers addressing social
and ethical issues. Two thirds of them investigated an issue about
interacting with VAs and one third about creating worlds. The vast
majority of these papers contains a form of empirical evaluation,
but, there is not much technical work in this area. Lastly, there is
little work on more “traditional” computer graphics and computer
vision topics like building devices (4.2%), rendering (3.8%), or
display technology (1.7%). Lastly, as also demonstrated by the

22Note that the 11 HCI papers about applying XR and Al to an external use case are
not discussed here.
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Table 4: Main problem areas addressed in XR and Al research.

Sum  Create Understand Support Interaction XR to
Worlds Users Interaction  with IVAs Support Al
1. Perception and neuroscience 52 12 31 9 0 0
2. Interacting with IVAs 47 20 2 0 25 0
3. Presentation of virtual content 47 35 11 1 0 0
4. Tracking technologies 41 22 6 13 0 0
5. Health-related impacts 26 1 25 0 0 0
6. High fidelity virtual human characters 24 23 0 0 1 0
7. Interaction techniques 23 1 0 22 0 0
8. Social and ethical issues 21 7 0 0 14 0
9. Locomotion techniques 13 2 1 10 0 0
10. Collaboration with people 11 5 0 2 4 0
11. Novel system and devices 10 0 1 9 0 0
12. Rendering 9 8 0 1 0 0
13. Explainability of Al methods 5 0 0 0 0 5
14. Display technology 4 1 0 3 0 0
15. Limited training data 2 0 0 0 0 2
Table 5: Contribution types presented by the papers.
Sum Create Understand Support In- Interaction XR to
Worlds Users teraction withIVAs Support Al
Empirical 143 46 37 34 23

ML model 137 51 50 33 3 0

System/artifact 46 18 4 16 5 3

Technological 43 24 6 11 2 0

Dataset 29 7 14 8 0 0

Methodological 9 3 2 2 0 2

Application 5 2 1 1 0 1

Theoretical 5 3 0 0 2 0

typology, there is not much research about using XR to address an
Al problem (3%).

Contribution Types. When looking at the methods used to ad-
dress problems (see Table 5), we see a trend of building ML models
(57.8%) and evaluating them empirically (60.3%). This is present in
many of the problems, as discussed in the previous paragraph. In
general, there is very little theoretical and methodological work.
Interestingly, there are some dataset contributions, in particular,
in the problem areas of tracking technologies and health-related
impacts. We collected all the datasets presented by the papers and
provide a list of them in the Appendix in Table 8.

4.4 Algorithms, Tools, Datasets, Networks, Data
Types, and User Study Data

In the following, we summarize what type of algorithm techniques

and classes are used in the reviewed papers. Furthermore, we

present a list of commonly used tools, datasets, and networks. We

also discuss the data types and summarize data about the users that

is used to train and evaluate the ML models.

4.4.1 Algorithm Techniques and Classes.

Algorithm Techniques. Table 6 and Table 7 give an overview
of the algorithm techniques and classes. With 138 papers (58.2%),
there is a clear focus on supervised learning. In contrast, only
11 papers (4.6%) use an unsupervised learning technique. Nine
papers (3.8%) address a problem with reinforcement learning, the
majority of which are in the support interaction topic. Also, we
did not find many applications of optimization algorithms (2.1%),
with some occasional cases in creating worlds, understanding
users, and supporting interaction.

Algorithm Classes. Most often, problems in creating worlds,
understanding users, and supporting interaction are consid-
ered either classification (32.1%) or regression (24.5%) problems.
Only very few papers use a generative technique (3%), primarily
for creating worlds.

4.4.2 Tools, Datasets, and Networks. PyTorchZS, Keras?4, Tensor-
Flow?, and Scikit-learn?® are the most frequently used tools for
the implementation of algorithms and ML models. Furthermore, we
found some software toolkits being used, for example, for sensing

BpyTorch: https://pytorch.org/, last accessed September 13, 2022

24Keras: https://keras.io/, last accessed September 13, 2022

ZTensorFlow: https://www.tensorflow.org/, last accessed September 13, 2022
263cikit-learn: https://scikit-learn.org/, last accessed September 13, 2022
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Table 6: Algorithm techniques.

Sum Create Understand Support In- Interaction XR to
Worlds Users teraction withIVAs Support Al
Supervised learning 138 45 49 38 3 3
Unsupervised learning 11 8 2 0 0 1
Reinforcement learning 9 2 2 5 0 0
Optimization 5 2 2 1 0 0
Semi-supervised learning 2 2 0 0 0 0
Unclear/other 18 9 2 4 2 1
Table 7: Algorithm Classes.
Sum Create Understand Support In- Interaction XR to
Worlds Users teraction withIVAs Support Al
Classification 76 22 24 26 3 1
Regression 58 21 25 12 0 0
Generation 7 5 0 0 1 1
Optimization 8 5 1 2 0 0
Reinforcement learning 8 1 2 5 0 0
Clustering 4 3 1 0 0 0
Planning 1 0 0 0 1 0
Unclear/other 4 3 0 1 0 0

facial expressions [306] or creating virtual humans [291]. We also
collected a list of datasets (e.g,. hand model datasets [16], motion
capture datasets [289], indoor datasets [117], or datasets for facial
expressions [61]), as well as networks and models. We provide
the complete list of tools, datasets, networks, and models in the
Appendix in Appendix A.

4.4.3 Data Types. We collected a data types, including sensor
data (e.g., eye tracking, acoustic sensors, brain computer interface
data, electroencelography, positional tracking, inertial tracking, and
speech and audio data), subjective self-report data (e.g., question-
naire results), and images and videos. Furthermore, we noted when
synthetic data was used. The most common data types for creat-
ing worlds are images and videos (42 papers). For understanding
users the most common data type is self-report questionnaire data
(21 papers). To support interaction the most common data type
is hand tracking data (11 papers) and positional tracking (13). Inter-
acting with IVAs is typically investigated in perceptual empirical
studies, in which no ML technique or algorithm is applied. Conse-
quently, we could not reveal a main type of data used. Reflecting
the generation issue, synthetic data is rarely used in XR and Al
research (19 papers in total).

4.4.4  Assessment and Evaluation. In 73% of the papers that trained
a model based on data of a user study, the evaluation of the model
was performed on the data of the same user study. Only in 27%
a second (or third) user study was performed to test the model
or classifier on unseen, new data. Furthermore, the task was typi-
cally the same in the training and the evaluation study. The mean
sample size for training studies is 28.94 (N=94, SD=36.94, range:
3-212) and for evaluation studies 29.15 (N=179, SD=30.61, range:

3-200). The mean gender distribution of the training studies is 66%
male and 34% female participants; for evaluation studies 64% of the
participants were male and 36% were female. In total there were
three training studies where one person of the participants each
identified as non-binary and seven evaluation studies, where on
average two participants identified as non-binary. The mean age of
the participants in the training studies is 25.96 years (N=38, SD=3.62,
range: 19.15-37.26) and in the evaluation studies 26.85 years (N=389,
SD=6.72, range: 20.9-40.01).

4.4.5 When is Al applied? Most of the use cases presented to ad-
dress an XR problem with an Al technique or method are aiming
for real-time processing (77%). Of these about half (52%) are already
deployed in real-time, while 48% cannot yet fulfil this goal. In gen-
eral, only a few papers use an Al method for post-hoc analysis (7%)
or for generating virtual content before the interaction takes place
(15%). For the remaining 2%, the main focus of the technique was
unclear.

5 DISCUSSION

We summarize the results, highlight our paper’s relevance to HCI,
and present 13 research opportunities and recommendations for
future work.

5.1 Summary of Results

We found five topic clusters on XR and Al research. Most of the
reviewed papers address a topic related to using Al to create XR
worlds (89), using Al to understand users (61), and using Al
to support interaction (48). Papers on these three topics typi-
cally address classification (72) or regression (58) problems and often


https://20.9-40.01
https://19.15-37.26
https://SD=30.61
https://SD=36.94

CHI 23, April 23-28, 2023, Hamburg, Germany

present an ML model (134) together with an empirical (117) con-
tribution. The fourth topic cluster is about interacting with VAs
(25). Papers addressing this typically present empirical research (23),
investigating user perception of interacting with agents, such as
emotions or trust, but rarely present an implementation of agents.
Lastly, there is very little work on using XR for AI (7). These seven
papers present either a technique to enhance understandability by
visualizing Al models in VR (5) or address the problem of limited
training data in XR (2).

5.2 Relevance to HCI

We analyzed the distribution of research directions and topics sep-
arately for HCI papers and compared them to the complete paper
corpus. The distribution of research directions for HCI papers is
almost the same as for the corpus in general. This might suggest
that the topics at the intersection of XR and Al addressed by HCI
research reflect the general distribution of topics as well. This is,
however, not the case, as we discuss in the following. Almost half
of the HCI papers (48%) are in the category of Using Al to Support
Interaction. While this might not come as a surprise, given that
this topic is the one that is arguably most relevant to HCI, it is still
interesting to note. Thus, the primary interest of HCI research at
the intersection of XR and Al is using Al for the improvement of
interaction techniques in XR. With 39% the second largest group
of HCI papers is about Creating XR Environments. We conclude
that HCI researchers’ second most important interest is on investi-
gating how Al methods can be used to enhance and ease content
presentation in XR, mostly focusing on user body representations
(avatars) and agents. Interestingly, our results show that only a few
HCI papers use Al for what we labeled as Understanding Users (6%).
This reveals a lack, where the core HCI venues (like CHI) could take
inspiration from other venues (in particular XR venues), where Al
methods are already applied to understand user characteristics and
other properties of users. Lastly, we found only one HCI paper for
the topic of Interaction with Intelligent VAs. This is surprising, since
the core interest of HCI is about how users interact with computer
systems and with more and more intelligent systems entering our
lives, we argue that the research on interaction with virtual agents
can be very beneficial and helpful to understand how users per-
ceive and interact with cognitively enhanced computer systems,
like agents. In general, we note that research at the intersection of
XR and Al is highly relevant for HCI, since three of the five topics
in out typology are about core HCI problems (understanding users,
supporting interaction, and interaction with IVAs). Speaking from
an HCI lens, we understand XR research as inherently connected
to HCI, given that XR devices will likely become next-generation
personal computing devices that we will interact with on a regular
basis. Therefore, we are convinced that it is important for the field
of HCI to understand how novel sub-areas (in this case the inter-
section of XR and Al) can influence and shape the field of HCI in
general.

5.3 Research Opportunities Based on Topic
Analysis

Based on our results, we formulate 13 research opportunities and
recommend promising research directions. We first summarize five
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opportunities based on the analysis of the topics and conclude with
eight general opportunities.

5.3.1 The Focus when Creating XR Worlds is on Realism.

Challenge. Most of the papers about creating XR worlds focus
on realistically replicating the real world in XR. The benefit of
creating realistic XR worlds and realistic representations of avatars
and agents seems implicit, not only for the representation of content
(e.g., the appearance of environments or avatars), but also for the
behavior of avatars and agents. In their review on realism in digital
games, Rogers et al. [302] also reported that realism is paramount as
a goal for VR games. In contrast to the papers in Rogers et al. [302]’s
review, papers in our corpus (e.g., [52, 205, 229, 390]) typically did
not give a motivation for why they aim to create realistic worlds.
The focus of these papers is often on technical details, addressing
how realistic worlds can be implemented.

Opportunities and Recommendations for Future Research. Realism
of avatars has frequently been discussed in previous work. Some
works indicate that the realistic physical appearance of avatars
causes eeriness and an uncanny valley effect [189]. Furthermore,
some work suggests that the appearance of an avatar might not
actually be the dominant factor in terms of social presence or appeal
[401, 419, 420]. Some reviewed papers added to this discussion
by comparing realistic, embodied agents with other forms, such
as invisible [297] or abstract agents [376]. Furthermore, recent
work on XR avatars explores how unrealistic avatars could be used,
for example, for target selection at a distance [315], or to see a
world from several perspectives [316]. Al methods are currently
not used for these types of goal, but almost exclusively for realistic
representations. We recommend to critically reflect on the need
for realism in the representation of avatars, as well as in agents,
objects, and environments.

5.3.2  The Focus when Understanding Users is Performance-driven
Perspective.

Challenge. In terms of understanding users, most papers focus
on performance-driven issues, resulting in a lack of work on
usability and user experience as a criteria for understanding users.
Almost half of the papers in the understanding users category
use Al to predict VR sickness. However, it is mostly used for
recognizing VR sickness in users and solution techniques are rarely
developed. Another large field is viewport prediction. This is
most often done to understand where users will look to improve
the presentation of content accordingly [305, 357]. We found seven
papers on gaze prediction, eye tracking, and gaze modeling, but it
is not a big focus of research at the intersection. The main focus
of these works is on predicting users’ gaze (i.e., on the technical
challenge of predicting gaze).

Opportunities and Recommendations for Future Research. ML tech-
niques are typically best applicable for well-defined problems, where
a clear performance metric can be applied. Yet, we see potential
in applying them for subjective user evaluations as well. Some
works focus on experience-related aspects, such as presence [230]
or mental workload [226, 362]. However, there is no bigger com-
munity for experience-related work (like VR sickness prediction),
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which makes it difficult to accumulate findings into general obser-
vations. These works could be combined with research on creating
XR worlds to analyze how users perceive specific aspects of these
worlds. For example, ML-based presence estimation could be used
to automatically evaluate and adapt XR environments, and affect
and emotion models could be used to improve our understanding
of the presentation of VAs.

5.3.3  Focus of Interaction is on Gestural and Locomotion Techniques.

Challenge. In terms of supporting interaction in XR, Alis currently
used most frequently for gesture-based interaction (45.8%) and
locomotion techniques (27.1%). In both cases, the focus is again
on technical challenges, such as improving midair pointing [239],
hand tracking [98], or path prediction [46]. Furthermore, we were
surprised to see little work on haptics (3), although it is one of the
major problems in current XR research [275].

Opportunities and Recommendations for Future Research. Although
we found this technical focus of papers, the data types show that
ML models can also be applied to subjective self-report data, which
seems to be a promising future research direction to improve our
understanding of users not only from a technical and performance-
driven perspective, but also from their subjective self-reports. Dals-
gaard et al. [73] show an example of how ML methods can be applied
to improve the presentation of haptic stimuli. They present user-
driven mapping for mid-air haptic experiences based on keywords
extracted by two natural language processing techniques.

5.3.4 Interaction with VAs is mostly based on Perceptual Experi-
ments.

Challenge. Similar to Norouzi et al. [262], we found a focus on
agents’ influence on personality and empathy. We also identified
different roles that VAs can inhabit, such as companions or assis-
tants. In their review, Norouzi et al. [262] note that more research
is necessary to understand the spatial relationship between users
and AR agents and we found some works addressing these issues
[40, 48]. However, most of the work on IVAs in XR worlds investi-
gates users’ perception towards agents in perceptual experiments
with the aim to inform the design of IVAs. Typically, the behavior of
VAs is not implemented, but simulated or scripted. The validation
of these studies from a technical perspective has yet to take place.

Opportunities and Recommendations for Future Research. Our
recommendation for future research is to invest in the technical
implementation of agent models and to work on validating the
findings in empirical user studiesvice .

5.3.5 Lack of Research on XR Supporting Al.

Challenge. The few works on using XR technologies to support
Al research focus on visualizing methods, for example, to support
non-experts [125] in working with complex neural network struc-
tures. This huge imbalance between using XR for Al research and
using Al for XR is hand expected. Al is predominantly used as
a method in XR, either applied to technical issues (e.g., tracking,
locomotion), or for analysis (e.g., user characteristics). On the other
hand, XR is a technology, so the imbalance of the two (a method
and a technology) is naturally given. However, whether some form
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of XR can be used as an interface to interact with Al or to improve
our understanding of Al methods remains unanswered.

Opportunities and Recommendations for Future Research. How
can XR technology be used and contribute to the conception, design,
and implementation of artificial intelligence and machine learn-
ing? Educating people about the opportunities and challenges Al
poses to society is important to create value. We are convinced
that XR can contribute to fostering a better understanding of these
new methods for a diverse set of individuals. Another unanswered
research question is how XR can help design safe, reliable, and
trustworthy Al

5.4 General Research Opportunities
5.4.1 Lack of Generative Use of Al in XR Worlds.

Challenge. We found only seven examples of generative models
in XR. This is surprising, since GANs have been around for sev-
eral years [108] and have been applied to automatically generate
images [407] or visualizations [264]. Given that content creation
is one of the greatest challenges in current VR research, we were
surprised to not see more work on the application of GANSs to that
problem. Yet, we understand that the research on generative VR
content is still in its infancy.

Opportunities and Recommendations for Future Research. We found
one promising work in the reviewed papers that applied a genera-
tive method to build a new XR world based on mood [334]. Such
an affective world could contribute to increasing empathy between
individuals. Some other GANs were applied, for example to create
context-dependent images [174] or virtual object shadows [216].
Given these promising examples, one avenue for future research is
to further explore the use of GANs in the creation of virtual worlds.

5.4.2 Lack of Optimization.

Challenge. Optimization is widely applied in HCI research [149],
for example, to optimize interfaces [85] and to design interaction
techniques [55]. Surprisingly, we did not find many examples of
optimization for VR or AR interfaces.

Opportunities and Recommendations for Future Research. McIn-
tosh et al. [241] show the potential of optimization, for example,
to optimize avatar representations for specific tasks. This seems to
be a promising direction. Since virtual representations of users are
not bound by the same requirements as real world bodies, we see
potential for optimizing interaction techniques in XR. For exam-
ple, the limbs of a virtual user representation could be adapted to
the depth of a target in VR, say by optimizing arm extension as a
function of target depth. Another example could be to optimize a
user’s body for specific tasks, for example, a user’s height could be
implemented as a function of distance, thus enlarging or shrinking
the user to fit a certain virtual space. In general, we see a lot of
potential for optimization to enhance interaction techniques in XR.

5.4.3 Lack of Generalizability.

Challenge. The focus of using Al in XR is currently mainly done
on problems. While we understand that this is because, by definition,
ML models work best with a well-defined problem, we are missing
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a bigger picture of these problems. This can best be demonstrated
by the following example. There are some larger groups of research,
such as predicting VR sickness, predicting path direction for
locomotion in VR, or improving 3D gestural interaction, but
the individual papers typically collect their own datasets. For none
of these problems, we found a general dataset that would provide
generalizability of the developed models and algorithms. Another
point is that most of the data that are used to train the models
are based on WEIRD samples [212], indicating that the models
are largely biased towards Western, Educated, Industrialized, Rich
and Democratic people. The mean sample size for the studies to
generate data for model training was 29 with a mean age of 26 years.
Furthermore, there is a bias towards male users (average percentage
of 66% male users). All of these points (sample size, mean age, gender
distribution) are well-known issues for HCI research in general [50].
Our findings show that this also holds for XR and Al research. This
could easily reinforce already known biases and severely influence
trust in such systems.

Opportunities and Recommendations for Future Research. There is
some effort on creating large and more diverse datasets. For exam-
ple, Li et al. [204] presented an open-source library that provides a
benchmark for “developing, deploying, and evaluating” redirected
walking techniques. It even provides multi-user techniques, allow-
ing multiple users to move in the same physical space. Furthermore,
we provide a collection of datasets and models that are both
used and/or presented by the reviewed papers. With this list, we
aim to guide researchers in investigating one of these issues from a
more general perspective. While these collections of datasets are
certainly useful, we need bigger datasets that include a larger vari-
ety of users. This is still very much an open challenge for XR and
Al research.

5.4.4 Lack of Robustness.

Challenge. We found a lack of robustness in the data used to
train models and algorithms. Most of the data that was used for
training was generated by a user study. However, in most of these
cases (73%), a model was trained and tested on the data from the
same user study (typically also on the same task). Only in 27% of
the papers a second or third user study was performed to validate
the model, network, or trained algorithm. This is a serious concern
regarding data leakage, since the models are typically tested with
already known data or, at least, rarely tested with data that includes
unseen scenarios or influences.

Opportunities and Recommendations for Future Research. To cre-
ate robust models that generalize for more than one very specific
sample and task, we need to develop the models on more diverse
datasets, representing a broader population. Furthermore, current
models are typically developed for one specific task. Similarly, we
should focus on testing our models in more diverse settings, includ-
ing a variety of different tasks and environments.

5.4.5 Lack of Theoretical and Methodological Work.

Challenge. Not surprisingly, we did not find much work on the-
oretical or methodological research. Due to our search process,
we excluded “pure” theoretical work, such as surveys and meta-
analyzes. However, we expected more discussion of the theoretical
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implications of the presented works or methodological guidelines,
for example, derived by a user study. Most of the theoretical work
was related to agents, such as design guidelines for generating VA
locomotion [398], needs model for agents [110], or a classification
scheme of users interaction with a group of agents [38]. In terms
of methodological work, there are some examples that present ap-
proaches for how to build models, for example, gaze modeling [337],
or detailing how reinforcement learning can be used to create a
generative model [123].

Opportunities and Recommendations for Future Research. Our
results show a need for more guidelines on how Al can be used for
XR problems. For example, how studies should be conducted and
how models can be developed. In general, we need more discussion
about what type of methods work for which type of specific XR
problems. This work provides a first investigation into this topic
and provides a stepping stone for future research in this area.

5.4.6 Lack of Discussion about Ethical and Societal Impacts.

Challenge. The societal discussions about ethical concerns of
XR and AI are generally not reflected in the reviewed papers, al-
though they are receiving more attention in their respective fields.
This is demonstrated by current CHI workshops about safety, se-
curity, and privacy in XR [112] or challenges of using VR HMDs
in social spaces [111]. Furthermore, one of the largest Al confer-
ences NeurIPS has recently started to require a statement about the
“potential negative societal impacts” of the proposed research?’.

Since we excluded surveys and literature reviews from our cor-
pus, we might have missed articles that talk about these issues
from a meta perspective. Still, papers in the sample that implement
models for XR typically do not elaborate on any ethical or societal
implications.

Opportunities and Recommendations for Future Research. Social
impacts of human-agent interaction are discussed in some papers
[43, 113, 382]. However, this is a very specific issue that applies
to the interaction with embodied AL In general, only 21 papers
(6.8% of the corpus) touch upon this issue. Similarly, societal issues
are not discussed. We suggest that researchers provide statements
about the potential societal and ethical impact of their research,
similar to the statement required by NeurIPS.

5.4.7 Lack of AR Research.

Challenge. The vast majority of the reviewed papers addressed
VR research (68%). This is likely due to the wider distribution of
VR hardware. However, several of the topics researched regarding
VR, could be applied to AR as well.

Opportunities and Recommendations for Future Research. In AR,
Al techniques are currently mostly applied for tracking. However,
VR research shows some promising directions, which could also be
applied to AR. The interaction with IVAs in AR is an interesting
avenue for future research that will become more relevant as AR
devices are increasingly used by consumers. A relevant question to
answer is, for example, how users can interact with IVAs in a mix of

%NeurIPS Ethical Guidelines: https://nips.cc/public/EthicsGuidelines, September 13,
2022
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real and virtual worlds. Schmidt et al. [317] show an example of how
to merge such physical and virtual consequences of interactions.

5.4.8 Human-Al Interaction in XR.

Challenge. We found a trend to use Al to create XR content or
for analysis purposes. Users were mostly involved in the process
to evaluate the techniques, or to provide the data to predict, for
example, their movement patterns [248]. However, we did not find
examples of human users and Al working together collaboratively
on problems.

Opportunities and Recommendations for Future Research. We found
some examples where an Al technique was combined with expert
knowledge. For example, Xing et al. [390] use hair models created
by experts as the basis for their model. Similarly, the model pre-
sented by Sra et al. [334] is trained on user-based suggestions, and
Yu et al. [403] present a 3D sketching tool that creates 3D objects
based on users’ 3D sketches. These works are promising examples
for human-AlI collaboration. However, all these cases are about
asynchronous collaboration. Promising real-time human-Al interac-
tion in XR worlds is currently missing and would be a promising
avenue for future research.

6 CONCLUSION

We present a scoping review of 311 papers at the intersection of
XR and Al research. We reviewed the papers using a code book
with 26 codes covering research direction, contribution, and details
about technologies and methods. We present a typology of the
state of the art covering five main topics. Furthermore, we provide
a list with commonly used tools, software, datasets, and models.
Lastly, we summarize 13 research opportunities and provide rec-
ommendations for future research. Current XR and Al research
mainly focuses on using Al to create realistic XR worlds, support
technical aspects of interaction techniques, and understand users
from a performance-driven perspective. Furthermore, interaction
with VAs is mostly researched with perceptual experiments, and
technical implementations are missing. Furthermore, there is a lack
of research exploring how XR can be used to support Al research.
In general, there is a lack of generalizability, robustness, method-
ological, and theoretical work in this area. Furthermore, ethical and
societal impacts of XR and Al research are largely neglected.
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