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Abstract

Multimodal interaction has long promised to make interfaces more
intuitive and effective by combining complementary inputs. Among
these, gaze and speech form a compelling pairing: gaze provides
rapid spatial grounding, while speech conveys rich semantic in-
formation. Together, they offer rich cues for understanding user
behaviour and intent. Yet despite decades of exploration, the re-
search remains fragmented, making this synthesis timely as these
inputs mature and are integrated into consumer-ready devices. This
scoping review examined 103 studies published between 1991 and
2025, organised into explicit, where users intentionally provide gaze
and speech, and implicit, where systems leverage users’ natural
behaviours to support interaction. Across both, we identified re-
curring ways for combining gaze and speech to resolve ambiguity,
ground references, and support adaptivity. We contribute a synthe-
sis of research on their combined use while highlighting challenges
of temporal alignment, fusion and privacy, offering guidance for
future research toward richer multimodal human-computer inter-
action.
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1 Introduction

In 1980, Richard Bolt’s seminal work “Put-That-There” demon-
strated one of the earliest and most well-known examples of multi-
modal interaction [19]. At a time when human-computer interac-
tion was still primarily reliant on keyboards, the paper showed that
combining speech with simultaneous pointing could resolve ambi-
guity in natural language commands. The idea that complementary
input streams can make interaction more natural and efficient was
ahead of its time and has remained a cornerstone of multimodal in-
teraction in HCI. Since then, ongoing technological advances have
steadily improved the availability and robustness of input modali-
ties at scale, allowing researchers to continue exploring novel ways
to use them in concert while addressing their inherent limitations.

We present a scoping review of 103 studies published between
1991 and 2025 that examine the combined use of gaze and speech in
HCI—a compelling pairing that continues to show promise. Gaze in-
put offers a continuous channel into attention and cognitive states
[39, 54, 73, 142], while speech input provides an expressive channel
for conveying meaning [31]. When combined, they help overcome


https://orcid.org/0000-0002-1620-1902
https://orcid.org/0000-0001-8677-3503
https://orcid.org/0009-0005-3832-2835
https://orcid.org/0000-0002-8895-4997
https://orcid.org/0000-0002-7500-7974
https://orcid.org/0000-0003-4414-2249
https://orcid.org/0000-0003-2233-2121
https://orcid.org/0000-0001-5769-6297
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3791662
https://doi.org/10.1145/3772318.3791662
https://h.gellersen@lancaster.ac.uk
mailto:andrea.whites@gmail.com
mailto:yasmeen.e.mahmoud@gmail.com
https://jwoorhee@kaist.ac.kr
mailto:fweidner@sigchi.org
https://anam.khan@kaist.ac.kr

CHI *26, April 13-17, 2026, Barcelona, Spain

each other’s limitations, for example: gaze grounds and disam-
biguates speech, which can be noisy or spatially underspecified
[128], while speech clarifies the intent behind gaze, which can be
imprecise and prone to the ‘Midas touch’ problem [40, 53]. Together,
these complementary channels support interactions with systems
that more closely resemble natural human communication than
either modality alone.

Over the past three decades, gaze and speech pairing has been
investigated across diverse applications—from spatial command
execution [49, 56, 146, 159] to user state inference and adaptive
interfaces [64, 104, 167]. Yet research remains fragmented, partly
because opportunities to study gaze and speech technologies have
advanced independently, and partly because these modalities have
been applied across domains, creating challenges in identifying
overarching patterns and opportunities for new research directions.
This review consolidates the literature to provide a unified perspec-
tive on their combined use, addressing the question: How is the
combination of gaze and speech used for interaction?

The timeliness of this review is clear: consumer-ready devices
that support both gaze and speech—such as XR headsets and smart
glasses—have become increasingly accessible, and through advances
in sensing, processing, and computing, can now easily support in-
teraction in real-time in everyday settings. Gaze, once requiring
controlled environments, can now be captured reliably in natural
settings, while speech interfaces have been transformed by progress
in natural language processing and large language models capable
of contextual and semantic interpretation [2, 118].

Although gesture-based interaction also remains central in many
XR systems (e.g., Apple Vision Pro), this review focuses on gaze
and speech as a distinct and complementary pairing. Conceptually,
these modalities occupy opposite ends of the interaction spectrum:
gaze is fast, continuous, and low-effort but semantically limited,
whereas speech is slower and more deliberate but highly expressive,
with gestures typically lying between these extremes.

By focusing on gaze and speech as opposing yet complementary
modalities, this review captures integration strategies, spanning
explicit command-based interaction and implicit, context-driven
inference. Practically, gaze and speech also form a hands-free input
combination that is particularly well suited to head-worn devices,
motivating a dedicated synthesis of how these modalities are com-
bined for interaction. In venues across HCI, including CHI, we are
beginning to see very promising implementations that combine
gaze and speech for practical everyday use—for example, Gaze-
PointAR [75] for pronoun disambiguation in AR and G-VOILA
[160] for everyday information querying. As these technologies be-
come increasingly mainstream, it is therefore crucial to understand
how gaze and speech can be combined to support effective inter-
action. This review systematically synthesises existing systems to
reveal common multimodal interaction patterns, characterise their
use across tasks and domains, and highlight remaining challenges
and opportunities for future research.

We framed our synthesis according to the commonly observed
forms of interaction: Explicit Gaze and Speech Interaction, where
users intentionally provide gaze and speech as inputs, and Implicit
Gaze and Speech Interaction, where systems leverage users’ natural
behaviour to support interaction. Figure 1 illustrates representative
examples of these two forms of gaze and speech interaction. For
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Figure 1: Examples of gaze and speech interaction. In explicit
interaction, the user looks at a target and issues a direct
speech command (e.g. "play this video"). In implicit interac-
tion, gaze and speech are used as contextual cues, allowing
the system to infer intent without an explicit command.

each, we apply two analytical lenses: the first examines how gaze
and speech are fundamentally used and combined, and the second
explores how this combination is applied across tasks and appli-
cation domains in the literature. Our synthesis highlights three
key insights. First, gaze and speech are leveraged through recur-
ring patterns, behavioural feature representations, and integration
strategies that reduce ambiguity and enable richer, hands-free inter-
action. Second, their complementarity—gaze for spatial precision
and speech for semantic richness—is central in positioning them
as an expressive and reliable multimodal input combination. Third,
across the research landscape of gaze and speech, key challenges
persist, including temporal alignment, generalisable pipelines, eth-
ical and privacy concerns, evaluation beyond controlled settings,
and the need to support diverse users and contexts.

This review advances the field through three key contributions
by providing the first comprehensive synthesis focused specifically
on the pairing of gaze and speech—two modalities whose combined
use is becoming increasingly central in emerging technologies.
While prior surveys have examined multimodal interaction [38],
or reviewed gaze- or speech-only [e.g. 31, 134] systems, these treat
the modalities independently and do not analyse gaze and speech
as a unified input channel. Many benefits of this pairing—such
as grounding, ambiguity reduction, and clearer intent signalling—
and associated challenges emerge only when gaze and speech are
considered together. To address these gaps, our review provides
three contributions. First, we present a detailed analysis of recurring
multimodal input combinations, integration strategies, and feature
representations unique to gaze and speech, comparing patterns
across explicit and implicit interaction paradigms. Second, we map
the tasks and application domains that utilise gaze and speech,
illustrating how the pairing facilitates control, grounding, and user-
state inference. Third, we outline design challenges and research
opportunities required to develop more robust and context-aware
multimodal systems. Together, these contributions consolidate the
literature and highlight the potential of combining gaze and speech
to drive advances in multimodal interaction design.

2 Related Work

Researchers have long explored multimodal interaction in HCI, in-
vestigating the combination of multiple input channels for more ef-
fective interaction with computerised systems. Foundational works
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[e.g. 91, 99] established core principles and a design space for mul-
timodal fusion, and focused on conceptual modality pairings rather
than empirical systems, without reviewing specific input combina-
tions such as gaze and speech. Later multimodal interaction surveys
[e.g. 38, 55, 71, 92, 119] favour breadth—covering challenges, ap-
plications, and general fusion strategies across a wide range of
potential pairings—and hence have not examined specific modality
combinations in depth. For instance, Jaimes and Sebe [55] provide
a vision-centred overview treating gaze and speech as independent
channels, while XR-focused reviews highlight challenges for indi-
vidual modalities (e.g. gesture, speech, gaze) without addressing
how particular combinations function in interaction [71, 92, 119].

Several reviews that focus on gaze input acknowledge the combi-
nation of gaze with speech, including 2D displays [134], handheld
devices [76], medical applications [18], and social collaboration
[126], but do not examine the pairing in depth. XR-focused gaze re-
views likewise mention gaze and speech among many multimodal
combinations, but do not analyse how the modalities can be used
together [108]. Speech-focused reviews [31] discuss long-standing
challenges in speech technologies, but do not consider how gaze
can support interaction by, for instance, grounding or clarifying
spoken commands. Yet many of the core difficulties and opportuni-
ties emerge only when the two are used together—such as timing,
fusion, and decisions about how each modality should contribute to
the task. These issues are absent from both gaze- and speech-only
surveys [e.g. 31, 108, 134], highlighting the need for a dedicated
review that examines gaze and speech as a coordinated multimodal
input. Recently, researchers have begun to examine other modal-
ity pairings in depth, but typically within specific environments,
such as gesture and speech in augmented reality [e.g. 8] —further
highlighting the value of modality pair-focused review.

Beyond formal reviews, some individual works that explore gaze
and speech only mention prior studies briefly within their related-
work sections [e.g. 64, 83], offering brief and often narrow sum-
maries rather than in-depth analysis. Across the literature, we see
repeated indications that gaze and speech complement one another.
These works signal the value of examining the pairing more closely,
motivating our systematic review to characterise how they are
combined for interaction. Hence, this review addresses the gap
by providing the first systematic synthesis focused specifically on
how gaze and speech are combined for interaction across diverse
environments and domains, consolidating fragmented findings and
identifying the design patterns, computational approaches, task
domains, and research opportunities unique to this pairing.

3 Method

3.1 Selection and Screening

Our methodology followed structured steps to ensure coverage
and rigour: developing a comprehensive search query, applying
inclusion and exclusion criteria, and screening articles through
a multi-stage process. Figure 2 shows the adapted PRISMA [100]
flowchart summarising the process.

We applied an initial keyword-based search on the ACM Digital
Library (ACM-DL) and IEEE Xplore (IEEEX), Scopus, and Web of
Science libraries, which capture the majority of computing pub-
lications and provide broad coverage across multiple disciplines.
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Then, we conducted a search query to match keywords against
titles, abstracts, and author keywords. The Boolean query string
was initially formulated using the terms “gaze” AND “speech” AND
“interaction”. However, we observed that some key publications
from venues (e.g. CHI and ICMI) were missing from the search re-
sults. We therefore expanded our query with a broader set of gaze-,
speech-, and interaction-related keywords, which were refined by
incorporating relevant keywords identified in the first 50 papers
returned by the ACM-DL. The full keyword list is provided below,
and the complete database queries appear in the Appendix.

(“gaze” OR “eye”) AND (“speech” OR “voice” OR “au-

dio” OR “vocal”) AND (“interact*” OR “communicat™”

OR “input” OR “technique” OR “model” OR “system”

OR “interface”)

The initial search query was conducted on September 29, 2024.
The search results from all four databases were combined, resulting
in 11504 records. We then removed duplicates by matching titles,
authors, and publication years using a custom Python script, yield-
ing 8,075 unique articles. Screening followed a two-stage process.
In the first stage, records were assessed by title, abstract, and au-
thor keywords, and in the second, full-text reviews were performed
alongside data extraction, guided by the following inclusion criteria
(IC) and exclusion criteria (EC).

IC1 Studies use both gaze and speech as input modalities.
Rationale: Our focus is on multimodal interaction, where both
inputs jointly influence system behaviour.

IC2 Studies focus on single-user human—computer interaction,
where a user interacts with a computer.

Rationale: Our focus is on how systems interpret gaze and
speech for interaction, not on human—human interaction.

EC1 Studies on computer-mediated human-human interaction
rather than direct system input.

Rationale: These focus on social dynamics, not system design.

EC2 Do not use gaze and speech as inputs from humans to facil-
itate interaction (e.g. papers focused on synthesising gaze
and speech for interaction).

Rationale: Output or synthesis work does not inform multi-
modal system input.

EC3 Are not journal articles or included in the main proceedings,
such as adjuncts, posters, extended abstracts, companion
proceedings, workshop proposals or editorials.

Rationale: To ensure quality of reviewed work.

EC4 Are not written in the English language.
Rationale: Due to screening feasibility.

During the first stage, the first author screened 8075 articles,
resulting in 112 included, 20 marked unclear, and the remainder
excluded. The unclear set was then discussed among authors, lead-
ing to 5 inclusions and 15 exclusions. The first round of screening
resulted in 117 articles. To supplement the keyword search, we per-
formed backward chaining, reviewing references in the 117 papers,
which yielded 7 additional papers.

In the second stage, full-text screening and data extraction were
performed. Four authors participated: 65% of articles were reviewed
by the first author, 9% by the second, and the remaining 26% were
split between the third and fourth authors. Each author assessed
eligibility using the same inclusion and exclusion criteria as in the
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Figure 2: Adapted PRISMA [100] flowchart illustrating the
process of selecting, screening, and reviewing papers for in-
clusion in the final corpus for analysis.

first stage, with any disagreements resolved through discussion.
Data were extracted from all papers that met the criteria. This
second screening phase led to the removal of 30 additional articles,
leaving a set of 87 papers. Finally, to include the most recent work,
we conducted an updated search on June 29, 2025, targeting papers
published between September 2024 and June 2025. This yielded
1136 unique papers across the four databases. After applying the
same inclusion/exclusion criteria, 9 additional papers were added.
In total, the final corpus comprises 103 studies across 77 venues. The
most frequent venues were the ACM International Conference on
Multimodal Interaction (ICML, 8), the ACM Conference on Human
Factors in Computing Systems (CHI, 6) and the ACM Symposium
on Eye Tracking Research & Applications (ETRA, 5).

3.2 Analysis and Review Structure

For analysis, we began by creating a structured spreadsheet and
extracted key information from each paper, including whether gaze
and speech cues were treated as intentional inputs or interpreted im-
plicitly as behavioural traces, the specific gaze and speech features
considered, the interaction tasks supported, the type of interactive
entity involved (e.g. system or agent), how gaze and speech were
integrated (sequentially or in parallel) and the computational meth-
ods used to interpret the multimodal signals. Building on the data
extraction, we coded the studies by interaction type (explicit vs. im-
plicit), the combination and integration strategy of gaze and speech,
and their task and application domains. Coding categories were
iteratively refined through pilot coding and discussion among the
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authors. The first author independently coded all papers, while the
fourth author re-coded a random 25% subset to assess reliability.
Inter-coder reliability was high (Cohen’s k > 0.80; [84]), and any
discrepancies were discussed with all authors until full agreement
was reached [23].

Through our inductive analysis, we identified two distinct re-
search categories that structure this scoping review and capture
fundamentally different ways in which gaze and speech are opera-
tionalised in interactive systems.

While the literature uses ‘explicit’ and ‘implicit’ to describe both
interaction approaches and signal properties, we use these terms
solely to distinguish whether the system responds to intentional
actions or infers meaning from natural behaviour.

e Explicit Gaze and Speech Interaction (N=55) frames user
actions as intentional control signals. Here, gaze and speech
are combined in the interaction loop as forms of direct ma-
nipulation, enabling users to deliberately issue commands
or manipulate systems.

o Implicit Gaze and Speech Interaction (N=48) frames gaze and
speech as behavioural cues to be monitored and interpreted.
In this case, systems model natural gaze or speech patterns to
provide adaptive, context-aware support without requiring
deliberate multimodal input from the user.

This explicit-implicit distinction follows prior gaze-interaction
surveys [59, 108], reflecting established practice rather than a new
taxonomy. Figure 1 illustrates how the two categories differ.

Although we organise the literature into these two categories,
we emphasise that explicit and implicit interaction form a contin-
uum rather than a strict dichotomy [133]. Users often interleave
intentional and spontaneous behaviours, making the distinction
between the two interactions inherently blurry [130, 133]. A pa-
per is classified as explicit if the underlying system requires users
to intentionally coordinate gaze and speech to perform an action
(e.g. looking at a target and issuing a command), and implicit when
it infers meaning, attention, or intent from spontaneous gaze or
speech behaviour without requiring the user to align them inten-
tionally. We further acknowledge that some task categories—such
as Reference Resolution (§6.2.1) and Disambiguating Spoken Com-
mands (§5.2.3)—can be realised through either explicit or implicit
interaction. In these cases, we classify papers based on the interac-
tion logic implemented by the system, reflecting how the modalities
are operationalised rather than whether the user behaviour could
be intentional.

After categorising papers into either explicit and implicit to
provide top-level framing for our scoping review and to shape
its overall structure, we then analyse them through two lenses.
The first lens clarifies how gaze and speech are fundamentally
used and combined—their functional roles, feature representations,
and integration strategies—allowing us to compare and advance
underlying approaches across studies. The second lens shows how
the combination is applied in practice, highlighting the value of their
combination in different contexts. Together, the two lenses separate
the mechanisms that enable gaze and speech to work together from
their practical use, offering a coherent way to synthesise otherwise
fragmented research.
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Before discussing the explicit and implicit interaction categories,
we first outline the basic properties and signal features of gaze
and speech in the following section. Establishing this foundation
clarifies the individual contributions of each modality and sets the
stage for understanding how they combine in both explicit and
implicit interaction.

4 Gaze and Speech as Input Modalities

Understanding how gaze and speech function as input modalities
requires examining both their high-level properties and their un-
derlying signal features, which together form the foundation for
multimodal interaction.

Gaze and speech offer complementary strengths that support
human-computer interaction. Gaze provides fast, spatially precise
input, making it effective for identifying targets [39, 53], but it is in-
herently low in expressiveness, as the eyes are primarily perceptual
rather than communicative [53]. This makes it difficult to distin-
guish intentional input from exploratory visual scanning, leading
to unintended activations—the so-called “Midas Touch” problem
[53]. Speech, by contrast, provides flexible and semantically rich
input, enabling natural language commands and data entry [89],
but lacks spatial precision, especially when deictic terms like “this”
or “there” require contextual grounding [70].

The complementarity of gaze and speech lies in combining their
strengths: gaze can supply spatial grounding to resolve ambiguities
in speech, while speech can express explicit intent and semantic
detail that gaze alone cannot. For example, selecting an object with
gaze while issuing a spoken command such as “delete” allows the
system to infer user intent, reducing ambiguity and supporting
more natural interaction than either modality alone [99].

This complementarity extends to their underlying signal fea-
tures, which provide the building blocks for interpreting user state
and behaviour. Speech features are commonly divided into acoustic
and linguistic dimensions. Acoustic features describe the physical
waveform and include spectral (energy distribution across frequen-
cies), prosodic (rhythm, intonation, stress), and voice quality (clarity,
stability, tension) components. Linguistic features are derived from
content, capturing lexical choice, syntax, and semantics. Comple-
menting this, gaze features such as fixations and saccades provide
non-verbal insight into visual attention and cognitive processing
[45, 120]. Fixations reflect stable focus for information processing,
while saccades enable rapid exploration of the scene. Together,
these features form reliable proxies for attention and intent.

By combining these high-level properties and signal character-
istics, gaze and speech serve as rich, complementary channels for
multimodal interaction, forming the foundation for both explicit
and implicit uses of these modalities.

5 Explicit Gaze and Speech Interaction

Explicit gaze and speech interactions involve users deliberately
directing their gaze and issuing spoken commands to explicitly
perform intentional actions. This category depends on conscious
attention and articulated intent, making it well-suited for tasks
requiring spatial precision, semantic clarity, and hands-free control.

While this modality pairing has been widely explored for explicit
interaction (N=55), the design choices and functional components
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of such systems remain inconsistently defined. To support a clearer
understanding of research on explicit interaction, we organise this
section around two analytical lenses: (1) How gaze and speech are
fundamentally used for explicit interaction and (2) How explicit gaze
and speech are applied across task and application domains?.

5.1 How gaze and speech are fundamentally
used for explicit interaction?

Explicit interaction depends on the functional roles of gaze and
speech and the ways in which these modalities are coordinated to
form deliberate multimodal input. This subsection examines the
functional components of each modality, how these components
pair into recurring patterns, and the integration strategies that
underpin these interaction patterns.

Gaze serves primarily two functions:

e Pointing: Gaze is commonly used for pointing—that is, ref-
erencing objects, locations, or interface elements by simply
looking at them. It offers a fast and natural means of spa-
tial referencing, particularly in contexts where manual in-
put is not feasible (e.g. users with motor impairments or in
hands-busy settings) [93, 154, 173], by leveraging the natural
correlation between visual attention and user intent [53].

o Confirmation: In addition to pointing, gaze can also con-
firm user intent during interaction. Because the eye is pri-
marily a perceptual organ, users often scan the interface
without intending to select anything. However, if every fix-
ation is interpreted as input, this can lead to unintended
activations—known as the ‘Midas touch’ problem [53]. To
address this, a separate confirmation mechanism is typically
required to ensure that gaze-based selections are deliberate.
Dwell-based selection—where a user must fixate on a target
for a fixed duration—is the most widely used strategy to
signal intentionality and reduce false positives [125, 149].

Similarly, speech affords two functional roles depending on its
purpose in an interaction:

o Command: The most common use of speech is as an input
mechanism to convey detailed user intentions, particularly
action-oriented commands such as “delete” or “rotate”. These
commands express user intent and must be semantically
interpreted to trigger appropriate system responses [89].

e Data: Speech can also serve as a source of content or in-
formation, allowing users to dictate content (e.g. filling text
fields or entering numbers). Unlike commands, speech as
data does not require semantic interpretation to infer intent,
as the purpose of speech here is not to execute an action, but
simply to provide data.

5.1.1 Combinations of Gaze and Speech Input. Building on the
functional roles, we identify three patterns in the literature for
combining gaze and speech inputs. Figure 3 illustrates these explicit
combinations, which leverage the strengths of each modality while
addressing the limitations of the other. Each pattern is described in
detail below.

Gaze to Point, Speech as Command. In this combination, gaze
specifies the object or region of interest, while spoken input commu-
nicates the desired action. Speech commands can be simple triggers
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Example: User points with
gaze, then issues a spoken
command to trigger an
action on that location.
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Gaze to Point + Confirm
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Example: User selects with
gaze (e.g. dwell), then
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to modify the target.
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input.
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Figure 3: Three combinations of patterns of explicit gaze and speech: (A) gaze specifies a target while speech issues a command,
(B) gaze identifies and confirms a target followed by a spoken command, and (C) gaze identifies and confirms a target followed

by a spoken data input.

to simply select (e.g. “select”) [11, 49, 132] or richer instructions
(e.g. “rotate”, "delete”) [48, 60, 152, 161, 163, 175], but in both cases,
they operate on the object the user is looking at when the command
is issued. For example, a user points their gaze at a region of interest
and says “Zoom In”, with gaze indicating the target and speech
conveying the action.

Gaze to Point + Confirm, Speech as Command. In this combina-
tion, gaze first indicates the object of interest and then confirms
the selection, typically through a dwell, before any spoken input
is processed. Unlike the previous combination, users do not need
to keep fixating on the target during speech, as the object remains
selected, allowing them to look elsewhere without losing the selec-
tion. The spoken input then communicates the action to perform.
For example, a user may fixate on an object with a dwell to select
it, and then issue the command “measure” to obtain its size [149].

Gaze to Point + Confirm, Speech as Data. Similar to the previous
combination, gaze is used to point and confirm a target, but here
the interaction leverages the richness of speech to provide data be-
yond commands. Speech is not interpreted as an action but instead
populates the gaze-selected object with content. For example, as
shown in Figure 3, a user can enter a sequence of numbers into a
gaze-selected text field using speech [148].

5.1.2 Integration Strategies. To illustrate how combinations of gaze
and speech map to integration strategies, we adopt the multimodal

framework of Nigay and Coutaz [91] (see Appendix), which distin-
guishes integration by temporal use (sequential vs. parallel) and
fusion method (independent vs. combined). Because our focus is
on combining gaze and speech for interaction, independent use
of modalities is not relevant; all pairings fall within the combined
quadrants. We therefore analyse integration primarily in terms of
temporal usage, contrasting sequential and parallel strategies.

In parallel integration, gaze and speech are processed within the
same temporal window as a single fused action. This strategy aligns
with combinations where gaze provides a real-time reference during
speech (e.g. Gaze to Point, Speech as Command). Parallel designs
enable a more fluid, conversational interaction style but assume
that the referent is whatever the user is fixating on during the
utterance, making them vulnerable to drift or timing mismatches.
For example, Kaur et al. [60] found that the fixation most strongly
associated with a spoken referent often precedes the utterance by
about 630 ms, highlighting the need for temporal alignment models
that account for gaze lead time.

In sequential integration, gaze and speech are processed in dis-
tinct stages: gaze first identifies and confirms the target, and only
then is speech interpreted. This design underpins combinations that
require explicit confirmation before command execution (e.g. Gaze
to Point + Confirm, Speech as Command) or data input (e.g. Gaze
to Point + Confirm, Speech as Data). By anchoring the system to
a known referent before interpreting speech, sequential designs
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Figure 4: Sankey diagram illustrating the distribution of gaze and speech combination across different interaction tasks. The
thickness of each flow corresponds to the number of studies employing that mapping for the given task.

reduce errors and allow users to move their gaze freely after se-
lection, though the extra step may reduce efficiency in fast-paced
interactions. Ultimately, choosing between sequential and parallel
integration depends on task demands: sequential approaches suit
error-sensitive contexts by minimising unintended actions, while
parallel approaches favour speed and conversational flow.

5.2 How is explicit gaze and speech interaction
applied across task and application
domains?

Having identified how gaze and speech are fundamentally used
for explicit interaction, we can now map these insights onto their
application across various tasks and domains. We interpret these ap-
plications through different gaze and speech pairing combinations,
highlighting how task demands shape the assignment of modality
roles. Figure 4 presents a mapping between tasks with different
explicit gaze and speech combinations, Table 1 below shows the
distribution of studies following sequential or parallel integration
of input, and Table 2 shows the distribution of studies across task
categories and their sub-tasks.

Table 1: Number of studies using parallel and sequential
integration across task categories for explicit gaze and speech
interaction.

Task Category Sequential Parallel
Selection 17
System Control 10
Disambiguating Spoken Commands 5
Navigation 1 2
Object Manipulation 7
Text Entry 7 5
Directed Speech Detection 1

5.2.1 Selection and Control. The first category covers tasks where
gaze establishes focus on an object or interface element, while
speech provides the accompanying trigger or direct system actions.

Selection. Selection is a fundamental interaction task where users
focus on an object of interest, and gaze has long been employed
for this purpose [39, 142]. Traditional dwell-based techniques are
effective but can cause fatigue with prolonged use, motivating the
integration of gaze with speech to create more efficient multimodal
selection methods. Seventeen studies explored this space using
the Gaze to Point, Speech as Command combination, in which gaze
anchors the target while speech specifies the action. Within this
design, systems differ in how speech is treated. One group uses
speech as a fixed verbal trigger (e.g. “select”, “click”) to confirm the
target [1, 10, 12, 47, 56, 103, 107, 110, 124, 158, 159, 172]. In contrast,
another group expands the role of speech, treating it as semantic
input that carries information about the object itself, such as its
colour or shape [85, 86, 170, 171], or the specific action to be per-
formed, such as “left click” versus “right click” [78]. Together, both
variants follow the same parallel integration strategy, but the choice
between fixed triggers and semantic speech input shapes whether
the design prioritises simplicity and speed or expressiveness and
disambiguation.

System Control. Ten studies explored gaze and speech for sys-
tem control across augmented reality (AR), physical environments,
and 2D interfaces. System control interaction follows the Gaze to
Point + Confirm, Speech as Command combination, where gaze is
first used to establish the target spatially, while speech specifies
the command to be executed on that target. In AR settings, this
combination supports immersive manipulation of virtual objects
and media. Users could fixate on a display or object to select it,
then issue fixed verbal commands such as “rotate”, “enlarge” [93],
or “Show CNN” [155] to control its state or content. The same prin-
ciple extends into physical environments, where gaze operates as
a natural pointer to devices or components located at a distance
or in constrained spaces, while speech executes operations—from
switching on an appliance [166], to disabling an LED [125], to mea-
suring micro-objects with high precision [149]. Similarly, in 2D
graphical interfaces, gaze-driven target selection paired with verbal
commands supported applications ranging from document retrieval
[151] and media inspection [42, 145] to hands-free digital drawing
[154] and mode switching in multimodal speech recognisers [144].
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Table 2: Task categories and sub-tasks of explicit gaze and speech interactions, showing the distribution of studies across
selection and control, navigation and manipulation, and language input and editing,.

Task Category Sub-Task (# studies)

Studies

Selection & Control Selection (17)

[1], [10], [12], [47], [56], (78], [85], [86], [103],
[107], [110], [124], [158], [159], [170], [171], [172]

System Control (10)

[42], [93], [125], [144], [145], [149], [151], [154],
[155], [166]

Navigation & Manipulation Navigation (3)

(5], [26], [164]

Object Manipulation (7)

[28], [46], [48], [60], [152], [161], [175]

Language Input & Editing

Disambiguating Spoken Commands (5)

[70], [75], [83], [157], [163]

Text Entry (12)

[11], [13], [49], [82], [97], [132], [136], [146],
[147], [148], [156], [173]

Directed Speech Detection (1)

(87]

A consistent advantage of system control applications is the
reduction of speech recognition errors through contextual disam-
biguation: once gaze identifies the target, the system constrains
expected commands, mitigating noise and ambiguity. This synergy
improves robustness and user experience, reinforcing the value of
gaze and speech integration for complex control tasks.

5.2.2  Navigation and Manipulation. This second category focuses
on tasks where gaze provides spatial reference for movement or
transformation, while speech directs how the action is carried out.

Navigation. Three studies have explored gaze and speech for
hands-free navigation in both virtual and physical spaces. Two
studies followed the Gaze to Point, Speech as Command combina-
tion, where gaze specifies the destination with speech issuing the
navigation command [5, 26]. For instance, users could gaze at a
target location to initiate teleportation in VR (“take me there”) or
control wheelchair direction with spoken cues like “start” and “stop”.
In contrast, Wu and Tanaka [164] employed the Gaze to Point + Con-
firm, Speech as Command combination, using sequential integration
where gaze first confirms the navigation target (e.g. dwelling on
a person) before speech triggers the action (“follow this person”).
This design supports more deliberate target selection and assists
decision-making in physical environments.

Object Manipulation. Object manipulation is a key interaction
task that has been explored using the combination of gaze and
speech, particularly for translation and scaling operations. This task
consistently follows the Gaze to Point + Speech as Command com-
bination, where gaze selects the object or destination and speech
specifies the action. Translation refers to the task of changing the

position of a virtual object. Five studies have explored the com-
bination of gaze and speech for object translation, where gaze
typically specifies the intended destination, while speech triggers
the object movement [48, 60, 152, 161, 175]. Most studies relied on
fixed verbal commands (e.g. “Move” or “Up”) to initiate movement
[60, 152, 161, 175], though some also experimented with non-verbal
acoustic cues, such as a buzzing sound, offering quieter or alter-
native control modes [48]. Overall, while gaze- and speech-based
translation tends to be slower and less accurate than speech-only
[161] or touch-based interaction [152], it is often reported as more
immersive and engaging for users. Scaling has been explored in two
studies, where users perform zoom operations by gazing at a region
and issuing commands such as “zoom in” or “zoom out” [28, 46],
demonstrating accessibility benefits in hands-free contexts.

5.2.3 Language Input and Editing. This third category includes
tasks where gaze supports entry, correction, and disambiguation of
linguistic content, and speech contributes semantic commands or
replacement data.

Disambiguating Spoken Commands. Gaze helps disambiguate
spoken commands by providing spatial context that speech alone
often lacks. For example, phrases like “move down” or deictic ex-
pressions such as “this” or “that” can be ambiguous without shared
spatial reference [83]. To address this, systems adopt the Gaze to
Point, Speech as Command pairing, where gaze anchors the referent
while speech specifies the action. Some designs require users to
fixate on an object while issuing the command, whereas others
infer the referent from gaze behaviour such as direction or fixation
points at the moment of speech [70, 75, 83, 157, 163]. In both cases,
the combination of gaze and speech reduces ambiguity and enables
more natural multimodal interaction.
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Text Entry. Hands-free text entry is particularly valuable for
accessibility and has been explored in eight studies that fall into
two main approaches. The first follows the Gaze to Point, Speech as
Command combination, where gaze selects characters on a virtual
keyboard and speech simultaneously confirms input through fixed
cues, either at a fine granularity (i.e., per character [11, 13]) or a
coarser granularity (whole word, [49]). The second group aligns
with the Gaze to Point + Confirm, Speech as Data combination, where
gaze identifies and confirms the input region before speech provides
the actual text [82, 97, 136, 147, 148]. For example, a user may fixate
on a text field to select it and then dictate the intended input, which
is directly transcribed into the chosen location [148].

Similarly, text correction has been investigated in four studies
and shows the same division. Two studies use the Gaze to Point,
Speech as Command combination, where users fixate on the erro-
neous word and issue a fixed verbal command (e.g. “fix”) to confirm
the selection, and then select replacements from a numbered list
[132, 146]. Others adopt the Gaze to Point + Confirm, Speech as Data
combination, where gaze identifies the error and speech provides
the corrected content directly [156, 173]. For example, in [173],
users select the word with their gaze and then speak the corrected
form to substitute it. Across both text entry and correction, re-
sults consistently show that combining gaze for spatial precision
with speech for confirmation or content reduces effort, increases
efficiency, and improves robustness compared to unimodal input.

Directed Speech Detection. Gaze and Speech combination has also
been used to address the challenge of distinguishing intentional
voice commands from background speech. Instead of relying on
wake words (e.g. “Hey Siri”), systems like Look to Talk [87] use
gaze as an explicit intent signal: when users look at the interface, it
enters an active listening state and speech is then processed as a
command. This design follows the Gaze to Point + Confirm, Speech
as Command combination—gaze confirms target first, followed by
spoken command—and illustrates how gaze can operate not only
as spatial input but also as a modality control mechanism within
multimodal interfaces.

5.3 Takeaways

First, our synthesis shows that explicit gaze and speech combina-
tions leverage the complementary strengths of the two modalities:
gaze offers fast, precise spatial reference, while speech provides se-
mantic content and intent. Together, they enable deliberate, hands-
free actions across tasks from basic selection to complex control,
typically through recurring input patterns (e.g. gaze to point, speech
to command). Second, these combinations are implemented through
either parallel integration, which supports fluid, conversational use
but is sensitive to timing and gaze drift, or sequential integration,
which improves reliability and allows gaze to shift during speech.
Third, explicit systems tend to perform best in short, controlled
tasks that require high accuracy. For designers, the synthesis high-
lights concrete input patterns linking modality roles and temporal
fusion strategies, offering practical guidance for balancing speed,
precision, and expressiveness in explicit multimodal systems.
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6 Implicit Gaze and Speech Interaction

Implicit gaze and speech interactions involves systems passively
interpreting users’ natural gaze and speech behaviours to support
tasks without requiring deliberate commands [133]. Here, users do
not explicitly coordinate their gaze or speech [57]. Instead, inter-
action arises from spontaneous patterns of looking and speaking.
Hence, unlike explicit interaction, which depends on conscious
control, implicit interaction emphasises anticipation: systems infer
cognitive states, attentional focus, or forthcoming actions from
passive multimodal traces. This shifts the design paradigm from
direct control toward adaptive systems that support interaction. To
structure the research in this space, we apply two analytical lenses:
(1) How are gaze and speech fundamentally combined to enable im-
plicit interactions? and (2) How is implicit gaze and speech applied
across application domains?

6.1 How are gaze and speech fundamentally
combined to enable implicit interactions?

Designing implicit gaze and speech interaction requires shifting
from direct control to inference: instead of responding to explicit
commands, systems interpret behavioural traces to provide task-
relevant support. At its core, this paradigm is typically modelled
as a processing pipeline with two stages: a representation stage,
where raw gaze and speech signals are transformed into structured
features that capture behavioural or contextual patterns, and a
recognition stage, where these features are interpreted by computa-
tional models to generate inferences that guide system behaviour.
We structure this section around these two stages.

6.1.1 Representation: Extracting Features from Gaze and Speech.
Representation describes how raw gaze and speech data are trans-
formed into structured features that capture behaviour and context.
Our analysis reveals two broad approaches emerging across the
literature: one analyses each modality independently, while the
other analyses gaze and speech jointly, focusing on their synchrony
across modalities.

Independent Feature Extraction. Independent feature extraction
treats gaze and speech as separate channels of information, each
offering a unique perspective on user behaviour. Rather than rely-
ing on cross-modal synchrony, this approach extracts what each
modality can reveal independently. From gaze data, features are typ-
ically drawn at three levels. Fixations, measured by their count and
duration, capture attentional focus and indicate which objects or
regions the user finds important or cognitively demanding [4]. Sac-
cades are characterised by their length, velocity, and duration and
reflect attentional shifts and exploration strategies; long, fast sac-
cades often signal scanning or searching behaviour, while shorter
ones indicate local inspection [45, 58, 64]. Finally, scanpaths, which
integrate sequences of fixations and saccades, provide higher-level
structure, as illustrated in Figure 1.

These have been characterised using handcrafted metrics (e.g. path
length) [96] or machine learning approaches for structured infer-
ence, such as detecting autism spectrum disorder [167]. While most
of the 48 studies derive structured gaze features (e.g. fixations,
saccades), 12 instead use raw low-level gaze signals (e.g. azimuth,
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Figure 5: Feature-level versus model-level fusion of gaze and speech signals. In feature-level fusion, gaze and speech feature
vectors are combined into a joint representation before inference. In model-level fusion, each modality is processed separately,

and outputs are merged in a later fusion layer.

elevation) as continuous input to models, enabling fine-grained
prediction but requiring heavier filtering [e.g. 44, 123].

Speech provides rich information from low-level acoustics to
high-level semantics. At the signal level, acoustic features such as
pitch (F0), thythm, intensity, and jitter capture subtle cues about
user state [4, 113] and intent [174]. Beyond these low-level cues,
linguistic analysis offers a direct window into user goals. Syntactic
features such as keyword analysis anchor utterances to tasks—for
example, mapping “delete” to a deletion action or “start” to task
initiation—though this approach is limited by predefined vocabular-
ies [79]. Semantic analysis, in contrast, captures meaning beyond
literal keywords, enabling flexible interpretation of varied expres-
sions of intent [63]. For instance, “could you get rid of this?” can be
recognised as equivalent to “delete”. Together, linguistic features
provide the ‘what’ of user intention, complementing the ‘how’ ex-
pressed through acoustic features.

Joint Feature Extraction. Unlike unimodal features, joint features
are derived by analysing gaze and speech together, exploiting their
synchrony to enable joint interpretation. Rather than treating modal-
ities as parallel streams, joint features capture how gaze and speech
mutually constrain each other in context—gaze narrowing possi-
ble referents and speech providing semantic specificity. Two main
categories of joint features have emerged: similarity-based and
reference-informed. Similarity-based features assess how closely
spoken utterances align with gaze-fixated items. For instance, when
multiple objects are being viewed at once, the semantic content of
speech can be compared with the items under gaze, allowing the
system to infer the intended referent [63, 111, 112, 114].

Reference-informed features instead use speech events as tem-
poral anchors for gaze analysis. For instance, to map ambiguities
in spoken commands, deictic expressions (e.g. “this”) can define
the window for examining fixation patterns, enabling systems to
map ambiguous utterances to visual context [63]. Compared to

analysing gaze and speech separately, joint feature extraction pro-
vides greater interpretive power. By modelling their synchrony;, it
reduces ambiguity, enriches user state inference, and enables more
natural multimodal interaction.

6.1.2  Recognition: Integrating and Interpreting Features. Recogni-
tion concerns how gaze and speech features are combined and in-
terpreted to infer user states or intentions. This involves three key
aspects: the integration strategy, which determines how multimodal
features are brought together, the computational model, which in-
terprets these features to generate inferences, and the annotation
and generalisability process, which defines how data are labelled
and how models are validated across participants and contexts to
ensure reliability beyond the original training conditions.

Integration Strategies. Unlike explicit interaction, where gaze
and speech are integrated at the input level through sequential or
parallel timing, implicit interaction integrates them at the feature
or model level. Here, synchrony is captured not through when the
inputs occur, but through how their features align semantically
and behaviourally. In inference tasks, gaze and speech features
are typically integrated either at the feature- or model-level, as
illustrated in Figure 5.

Feature-level integration is the most common approach, where
features from both modalities are concatenated into a single joint
vector and processed by one model [7, 63, 101, 112, 114]. It mir-
rors parallel integration in explicit interaction, treating modalities
simultaneously and synchronously.

While efficient and capable of joint learning, this strategy as-
sumes synchronous and semantically aligned features, which may
not always reflect natural behaviour. In contrast, in the model-level
integration, gaze and speech are processed independently by sepa-
rate models, each producing task-specific inferences that are later
combined through ensemble methods or decision rules[4, 167]. For
example, Zhang [167] used an LSTM for gaze and a CNN for audio,
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then fused their output into an ensemble model for the detection
of autism spectrum disorders. Although less common, model-level
fusion offers robustness by allowing each modality to operate inde-
pendently, at the cost of added complexity.

Although both strategies have proven effective for inference,
most studies do not justify their choice. One exception is Alhargan
et al. [4], who compared both strategies for affect recognition and
showed that model-level fusion outperformed feature-level fusion.
These findings highlight the need for more systematic evaluations
of fusion strategies in implicit interaction.

Computational Models. The inference models used to interpret
gaze and speech features vary widely depending on task require-
ments, data availability, and performance demands. When labelled
data is limited, rule-based algorithms are often applied, using pre-
defined thresholds or heuristics to interpret multimodal features
[21, 104, 121, 160]. For instance, cheating might be inferred if a
user’s gaze remains off-screen while their speech intensity exceeds
a set threshold [104]. These approaches are computationally light-
weight and effective in constrained contexts but lack adaptability
and generalisation to real-world variability.

To overcome these limitations, supervised machine learning
models have been widely adopted for learning complex multimodal
patterns. Support Vector Machines (SVMs), Logistic Regression,
Naive Bayes, and XGBoost have all been applied to tasks such
as affect recognition, cheating detection, and Automatic Speech
Recognition (ASR) enhancement [4, 7, 33, 96, 112]. Among these,
SVMs are the most frequently used due to their strong generali-
sation across tasks. Even though these models offer flexibility in
handling linear and non-linear relationships within data, repre-
senting diverse input features—ranging from numerical to textual
or structured data—and extending to different learning paradigms
such as classification and regression, they often rely heavily on
manual feature engineering [106, 131].

Recently, deep learning approaches have become prominent.
LSTMs and CNNs are particularly effective in capturing the tem-
poral dynamics of gaze and speech interaction and have been ap-
plied to tasks such as reference resolution [44], ASR enhancement
[58] and detection of autism spectrum disorders [167]. By learning
directly from raw data, these models reduce dependence on hand-
crafted features and exploit cross-modal synchrony more effectively.
However, they require large amounts of labelled data, making them
resource-intensive and less feasible in low-resource settings.

Despite these advances, model selection across the literature
remains inconsistent and often poorly justified. Only a handful
of studies explicitly compare approaches or explain their choice
[63, 167]. This lack of transparency makes it difficult to identify
best practices, underscoring the need for systematic evaluation of
computational models and fusion strategies in implicit gaze and
speech interaction.

Annotation and Generalisability of Computational Models. An-
notation assigns labels to multimodal data to create structured
training examples for inference models [16]. In implicit gaze and
speech interaction, where behavioural cues map to latent states, an-
notation quality strongly constrains model generalisation. Across
studies, annotation practices varied widely: most relied on manual
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annotation—for referent identification [63, 160], predicting affec-
tive states [67] or engagement events [7, 14] —while others used
automated annotation [29] or task-defined labels embedded within
experimental designs [69]. Manual annotation was generally per-
formed by experimenters linking behavioural traces to user inten-
tions [101, 160] or by deriving ground-truth labels from self-report
questionnaires [139, 141]. Most studies involve only one or a small
group of annotators [14, 121], with minimal reporting of coding
reliability [17, 137, 143, 174].

In contrast, automated approaches relied on existing or algorith-
mically derived labels rather than human coding [44, 175]. Some
studies reused public datasets—for ASD detection [81] or emotion
recognition [96]—to train or validate multimodal models. Others
generated labels through computational pipelines, such as aligning
ASR timestamps with gaze fixations for referential grounding [44]
or applying instance-segmentation models to identify gaze targets
[113]. These methods reduce manual effort and scale well but often
offer limited transparency about label quality. Across both man-
ual and automated workflows, annotations were primarily used as
supervised training targets and evaluation benchmarks, with only
one study using them solely for inference validation [114].

Overall, annotation practices remain inconsistent and minimally
reported, limiting comparability and model interpretability.

Model generalisability is central for ensuring robustness across
tasks, contexts, and users, yet most studies provided limited evi-
dence of such robustness. Evaluations were limited to narrow tasks
or controlled settings, providing minimal insight into real-world
performance [63, 90, 167]. Only a few studies evaluated model
generalisability—for example, Kontogiorgos et al. [69] tested cross-
domain transfer and Zhao et al. [174] explored within-task general-
isability across simple and cluttered “bring object” settings.

To assess generalisability across participants, most studies relied
on internal validation methods such as leave-one-participant-out
cross-validation (LOOCV) [4, 63, 137], K-fold validation [15, 33, 115]
and simple train-validation-test splits of the dataset [44, 167].
These approaches show how consistently a model performs across
individuals within a dataset but offer limited insight into generali-
sation to entirely new participant groups. One exception is Mad-
havilatha and Krishna [81], where cross-demographic transfer was
examined across age groups. Several other studies did not report
participant-level evaluation at all [90, 123, 169], further limiting
understanding of robustness across diverse users.

Overall, evidence for both cross-task and cross-participant gen-
eralisability remains limited, highlighting the need for more sys-
tematic and diverse evaluation frameworks.

6.2 How is implicit gaze and speech interaction
applied across task and application
domains?

Implicit gaze and speech interaction has been applied across di-
verse domains to improve the interaction itself or to infer user state.
We group studies into two broad categories: Grounding and Com-
munication, where gaze and speech resolve ambiguity, enhance
recognition, and support dialogue and State and Intent Inference,
where these features are modelled to infer cognitive, affective, or
intentional states. Table 3 summarises the sub-tasks for each.
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Table 3: Task categories and sub-tasks of implicit gaze-speech interactions, showing the distribution of studies across grounding

& communication and state & intent inference.

Task Category Sub-Task (# studies)

Studies

Grounding & Communication Reference Resolution (9)

[21], [44], [62], [66], [90], [111], [112], [123], [160]

Enhancing Speech Recognition (7)

[32], [33], [58], [115], [114], [137], [143]

Improving Contextual Grounding & Retrieval (7)

[3], [63], [64], [65], [121], [168], [169]

Managing Conversational Dynamics (4)

[17], [68], [69], [72]

State & Intent Inference Affect Recognition (4)

(4], [67], [96], [101]

Inferring Attention & Engagement (9)

(7], [14], [15], [41], [81], [104], [113], [153], [167]

Inferring Personality (4)

[138], [139], [140], [141]

Predicting User Intent (4)

[29], [77], [105], [174]

As acknowledged in Section 3.2, explicit and implicit gaze and
speech interaction lie on a continuum rather than forming a strict
divide. Within implicit interaction, some tasks are clearly implicit—
such as modelling natural gaze and speech to track conversational
dynamics or inferring cognitive state.

However, many tasks are ambiguous. For example, in tasks such
as reference resolution or enhancing speech recognition, systems
passively interpret users’ visual attention as part of the interaction.
Here, speech may be explicit, but gaze remains a spontaneous cue,
and users are not required to fixate deliberately. Users can, nev-
ertheless, naturally look at relevant objects, especially once they
notice that their gaze influences system behaviour [133]. These
tasks are still implicit because the system is designed to infer mean-
ing from spontaneous behaviour rather than intentional multimodal
coordination.

6.2.1 Grounding and Communication. This category groups stud-
ies that improve the robustness and fluidity of interaction by using
gaze and speech to anchor references, contextualise spoken input,
and maintain conversational flow.

Reference Resolution. Reference resolution is the task of identify-
ing the specific item a user refers to in a spoken utterance [63]. For
example, a command such as “colour this green” is uninterpretable
unless the system can determine what “this” denotes. Nine studies
have examined how gaze can support this process. The typical ap-
proach is to detect when an ambiguous reference occurs in speech
by keyword spotting and then analyse gaze fixations to infer the
referent, based on the assumption that users naturally look at the
object they mention [21, 66, 90, 123, 160]. More advanced methods
expand the analysis to a broader time window around the ambigu-
ous expression, extracting gaze features [44] or combining gaze

and speech features [62, 111, 112] to improve prediction accuracy.
Together, this body of work shows that gaze-informed modelling
enhances spatial disambiguation and increases the robustness of
spoken command interpretation.

Enhancing Speech Recognition. Automatic speech recognition
(ASR) remains difficult in real-world settings, where noise and
speaker variability reduce accuracy [165]. To improve robustness,
five studies use gaze to adapt language models through two ap-
proaches. One updates the model in real time based on the user’s
point of focus [33, 58, 143], offering immediate responsiveness. The
other relies on gaze history to prioritise words from previously
viewed objects, providing more stable interpretation [32, 137].

This same principle—gaze supplies contextual grounding for
speech—extends beyond recognition accuracy to vocabulary growth.
Out-of-vocabulary terms, particularly in domain-specific contexts,
pose a persistent challenge. For instance, in medical dictation, ASR
systems often fail to recognise newly introduced drug names not
present in the training vocabulary [127]. To address this, Qu and
Chai [114, 115] aligned gaze fixations with spoken utterances via
semantic similarity, enabling novel words to be linked with visually
attended objects. Here, gaze functions not only as an attentional
marker but also as a lexical grounding signal, allowing passive be-
haviour to expand system vocabulary without explicit supervision.

Improving Contextual Grounding and Retrieval. As gaze offers
spatial cues to attentional focus and speech contributes semantic
intent, their combination allows systems to ground spoken content
in context—linking utterances to referents, identifying genuine
interest, and refining retrieval. This potential has been explored
across two main applications: voice annotation and content-based
information retrieval.
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In voice annotation, utterances are linked to relevant objects
or text. Rather than relying on single gaze points, systems such
as EyeDescribe [121] and GAVIN [64] analyse fixation and saccade
patterns within areas of interest (Aols) to anchor speech to referents.
While gaze alone can suggest likely targets, it is not always reliable.
For example, as users may glance away while still speaking about
a prior element or look ahead in anticipation, Khan et al. [63]
addressed this by combining semantic features from speech with
gaze-based measures, showing that multimodal integration yields
more accurate annotation than either modality alone.

In content-based information retrieval (CBIR), the goal is to move
beyond predefined queries by inferring genuine user interest to
retrieve more relevant content. Gaze behaviour helps distinguish
casual browsing from sustained attention, while speech further
refines intent [3, 65] and validates retrieval outcomes [168, 169].
For example, fixation and saccadic patterns can implicitly evaluate
whether retrieved images match user interest; when mismatches are
detected, explicit speech corrections update content tags, improving
current annotation and future retrieval effectiveness [168, 169].

Together, the work on voice annotation and CBIR demonstrates
how gaze constrains possible referents or interest targets, while
speech provides semantic specificity, enabling richer contextual
grounding and more adaptive retrieval.

Managing Conversational Dynamics. Gaze and speech have been
investigated as implicit cues for coordinating turn-taking and de-
tecting conversational breakdowns, both essential for maintaining
rhythm and balance in dialogue. Turn-taking has been a central
challenge, as robots and conversational agents often fail to match
the fluidity of human dialogue; interruptions or delays reduce per-
ceived naturalness [34]. Models combining gaze direction with
pitch and formant-based spectral features have been used to predict
turn endings [17, 72], enabling smoother role transitions. Likewise,
two studies integrated semantics of speech, prosodic signals, and
gaze direction to predict breakdowns in task-oriented exchanges
with robots [68, 69], allowing systems to trigger repair strategies
rather than persist with unsuccessful interaction.

6.2.2 State and Intent Inference. This category groups studies that
leverage gaze and speech to reveal internal states and traits of the
user—affect, attention, personality, and intent—enabling adaptive
and personalised interaction.

Affective Recognition. Affect recognition uses behavioural and
physiological cues to infer emotional states, with gaze and speech
reflecting cognitive processing and expressive intent. Four studies
have combined gaze features such as fixation duration and saccade
dynamics with speech features including prosody and voice quality
for continuous affect prediction, consistently finding that multi-
modal approaches outperform single modalities [4, 67, 96, 101].

However, most work still analyses gaze and speech separately—
treating gaze mainly as an attention cue and speech as acoustic
features—without capturing how they unfold together during affec-
tive episodes [25]. For example, heightened arousal may manifest
through both erratic saccades and prosodic shifts, yet current sys-
tems rarely model these patterns together. Furthermore, studies
are often limited to controlled lab settings with calibrated sensors
and clean audio, raising questions about robustness in everyday

CHI *26, April 13-17, 2026, Barcelona, Spain

contexts. Advancing affect recognition will require models that
jointly capture gaze and speech as coupled affective signals and are
validated in everyday contexts.

Inferring Attention and Engagement. Attention and engagement
are central to interaction, shaping how individuals process infor-
mation [95]. Nine studies have combined gaze and speech to infer
attentional states in educational and diagnostic contexts [7, 14, 15,
41, 81, 104, 113, 153, 167]. For example, [153] proposed a rule-based
method for e-learning that labelled users as attentive if they main-
tained visual focus on content and refrained from speaking.

Similarly, three studies measured the attention of students on
online exams, where attention lapses from the exam content were
treated as potential misconduct [7, 41, 104]. These approaches use
gaze diversion to flag screen avoidance and acoustic or keyword
analysis to detect collaboration, but their feature sets are limited.
Gaze is reduced to a binary on/off-screen signal, overlooking that
aversion may also reflect distraction or cognitive effort [24], while
speech is treated only at the surface level, ignoring conversational
context. These simplifications undermine robustness and increase
false positives in real-world use.

More advanced work applies multimodal deep learning to detect
attention-related conditions such as Autism Spectrum Disorder
(ASD) [81, 167]. Zhang [167], for instance, combined scan path
patterns with spectral speech features in a deep learning framework,
showing a clear advantage over unimodal baselines.

Beyond education and diagnostics, research in human-robot
interaction has used gaze and speech fusion to monitor engage-
ment [14, 15], by tracking gaze toward the robot and integrating
prosodic and spectral speech features into deep learning models to
detect disengagement during spontaneous interaction. Together,
this body of work highlights the potential of gaze and speech to
assess attentional focus and sustained engagement across diverse
HCI contexts.

Inferring Personality. Personality plays a key role in shaping how
users interact with computers and robots, influencing engagement,
acceptance, and overall interaction quality [162]. Four studies have
investigated gaze and speech behaviour as indicators of the Big Five
dimensions—Extroversion, Openness, Emotional Stability, Consci-
entiousness, and Agreeableness [43]. These studies have trained
predictive models using multimodal features such as spectral speech
descriptors and gaze fixations and direction toward the system [138—
141]. While results suggest that combining gaze and speech can
capture trait-level differences, feasibility for broader HCI remains
limited. Most studies are conducted in tightly controlled settings
(e.g. scripted Q&A sessions or constrained discussions), where user
behaviours are shaped as much by the experimental design as by
underlying personality traits. This task dependence limits general-
isability, as cues identified in controlled settings may not transfer
to open-ended interactions. Nevertheless, these studies provide a
foundation for developing personality-aware systems.

Predicting User Intent. In multimodal interaction, gaze and speech
function as complementary cues for anticipating user intent. Gaze
typically precedes verbal action, with fixations closely tied to task
demands and predictive of forthcoming behaviour [52, 122]. Speech,
by contrast, offers an explicit channel for conveying intent, where
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even minimal verbal cues (e.g. keywords) can signal user goals
[79]. Four studies have leveraged these properties to predict user
intent when initiating actions [150] or selecting objects in robotic
interaction [29, 105, 174]. These systems typically combine fixation
patterns and keyword analysis to infer targets or actions without
requiring explicit commands. In assistive robotics, gaze and speech
fusion has also been used to assess input sufficiency, determining
whether task specifications are complete or require clarification
[77]. Collectively, this work shows that gaze signals early intent
while speech conveys explicit goals, together supporting anticipa-
tion and completeness for adaptive interaction.

6.3 Takeaways

First, our synthesis shows that implicit interaction leverages nat-
ural gaze and speech as passive cues for inferring attention, cog-
nitive state, and intent. Gaze offers temporal and spatial indica-
tors of focus, while speech provides acoustic and semantic traces,
enabling applications such as reference resolution and user-state
inference that move beyond direct control toward adaptive sup-
port. Second, these systems typically rely on multimodal feature
extraction—independent or joint—and integrate signals at either
the feature or model level, each with trade-offs between synchronic-
ity and robustness. Third, implicit interaction holds promise for
anticipation and adaptation but remains sensitive to the quality
of synchrony captured between modalities. Our synthesis high-
lights recurring strategies for representation and recognition in
implicit systems, providing guidance for designing more robust,
context-aware multimodal interactions.

7 Discussion

Human interaction with the world is inherently multimodal: we
point while speaking, and conversations blend speech with gestures
and facial expressions that convey intent and emotion. Systems that
combine modalities similarly feel natural and intuitive [99]. Within
this space, gaze and speech form a particularly effective pairing.
Our review shows that the core message across both explicit and
implicit interaction remains consistent: gaze provides a direct signal
of attentional focus [39], while speech conveys expressive, goal-
directed meaning [31]. Yet, each modality also carries limitations—
gaze alone can be imprecise or ambiguous [12, 158], and speech
alone can be noisy or spatially underspecified [83, 157].

By synthesising the literature, we demonstrate how their com-
bination compensates for these weaknesses, with gaze grounding
and disambiguating spoken input [70, 163], and speech clarifying
semantic richness that gaze lacks [125, 149]. These complementary
strengths, when combined, enable richer interaction supporting
interaction tasks as varied as explicit commands (e.g. “look at an
object and say delete”) and implicit inference (e.g. gaze disambiguat-
ing an ambiguous “this” in reference resolution). Together, three
decades of research show that this pairing reliably reduces ambi-
guity, increases expressiveness, and supports both precise control
and adaptive system behaviour across diverse domains.

These insights are particularly relevant now as advances in eye
tracking and large language models have made gaze and speech
increasingly viable at scale. At the same time, people are becom-
ing more reliant on technology in everyday life, often regarding
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computers not only as tools but as active partners. The rise of XR
platforms, Al glasses, and mobile computing has also augmented
the way we interact with devices, making traditional manual input
less practical in many situations [108]. In these contexts—where
users may be multitasking, have limited ability to use their hands,
or require more flexible input—explicit combinations of gaze and
speech can robustly support tasks such as selection, command, and
navigation, while implicit combinations can enable adaptive and
context-aware support, without adding interaction overhead.

Beyond efficiency, gaze and speech work particularly well for
accessibility, offering an effective alternative for those who require
hands-free interaction, such as people with disabilities [5, 77]. This
community stands to gain further as these technologies become
more robust, affordable, and widely available.

7.1 Explicit and Implicit Gaze and Speech
Interaction: Similarities and Differences

Through our review of the literature on gaze and speech as com-
bined modalities, we categorised the work into two types: explicit
and implicit interaction. This section examines their similarities
and differences in both fundamental input use and applications.

Explicit and implicit interaction share important similarities
in how they fundamentally use gaze and speech. Both build on
the same complementarity: gaze provides rapid, spatially precise
grounding, while speech conveys semantic meaning. In explicit
systems, these properties are formalised as functional roles (§5.1),
while in implicit systems, they are extracted as behavioural features
(§6.1.1), but in both cases, their value lies in working together to
support interaction.

This shared foundation extends across tasks and application
domains. Across both, tasks leverage the same complementary
cues—gaze to establish or narrow the referent and speech to indicate
intent—to facilitate interaction. For example, in explicit tasks such
as selecting a file, a user might fixate on an icon and say “open this”,
deliberately coordinating the two modalities [47]. In implicit tasks
such as note-taking or reading, gaze and speech offer subtler cues,
revealing goals and engagement without overt commands [63, 64].
In essence, gaze and speech together form complementary channels
for inferring user intent, whether explicit or implicit, providing a
stronger and more reliable signal than either modality alone.

The two categories, however, diverge in how they leverage the
modalities. Explicit interaction treats gaze and speech as intentional
input channels, giving users direct control. To maximise accuracy,
systems rely on predefined roles and structured input patterns. This
reduces flexibility but ensures predictable behaviour, making in-
teractions less error-prone in real time [124]. In contrast, implicit
interaction treats gaze and speech as passive cues for modelling
behavioural patterns and providing adaptive support [63]. With-
out explicit control, behaviour is more natural and less structured,
requiring systems to capture features and interpret them through
inference [9]. This shift from rigid to natural input makes such
systems more difficult to build: they demand large training datasets,
temporal modelling and robust sensing to manage noise and vari-
ability [61, 63]. However, this complexity also opens up greater
opportunity, as inference-based approaches can reveal richer pat-
terns of user state and enable more adaptive interaction.
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These fundamental differences also shape the tasks and applica-
tions. Explicit systems are suited to short and high-control tasks
where low error and quick response are essential [12, 152, 166]. For
example, target selection can be achieved by combining gaze to in-
dicate target with a spoken command to confirm selection, enabling
precise outcomes in a single interaction [12, 56, 158]. Such systems
also support straightforward recovery: if recognition fails on a com-
mand such as “select” the user can simply repeat the utterance,
allowing interaction to proceed with minimal disruption.

In contrast, implicit systems operate over longer timescales and
address tasks that rely on patterns unfolding gradually—how users
look and speak over time—where sustained monitoring is needed
to establish context [4, 96]. For instance, affect recognition depends
on tracking changes in gaze dynamics and vocal prosody across
extended interactions, rather than a single moment, to reliably infer
emotions [4, 63, 64, 96]. Although such tasks require more complex
pipelines, they add value by providing continuous background
support without deliberate user effort.

Together, the findings across the two forms of interaction high-
light a trade-off. Explicit gaze and speech interaction are reliable
and straightforward for precise, short-burst input, but can feel rigid
and less expressive. Implicit interactions align more closely with
natural behaviour and enable continuous adaptation, but depend
on sophisticated modelling to avoid errors. Given these trade-offs,
our review synthesises how explicit and implicit gaze and speech
interaction has been applied across domains and identifies the re-
curring patterns that emerge. These patterns offer a foundation for
future research, helping designers choose how best to combine gaze
and speech and balance precision, adaptability, and user experience
in multimodal systems.

While we categorise the literature as explicit and implicit, some
work does blur this distinction. In particular, intelligent user sys-
tems (IUIs)—although explicit in their interaction design—often
leverage computational models to support and optimise the inten-
tional input. For example, in EyeSayCorrect [173], users first utilise
gaze to select a word on the screen and then provide a voice com-
mand to correct it. This design treats gaze and speech as intentional
inputs but leverages computational models to infer user intent and
context, enhancing the interaction’s adaptability and efficiency.
Similar hybrid approaches exist with other modalities [e.g. 50], but
remain rare in gaze and speech research.

7.2 Open Challenges and Future Directions for
Gaze and Speech Interaction

Across both explicit and implicit interaction, combining gaze and
speech almost always outperforms unimodal baselines. Established
pairings—such as Gaze to Point + Confirm, Speech as Command—
recur across domains from text entry [49, 147] to AR system control
[93], consistently reducing ambiguity and error rates.

Similarly, multimodal feature fusion improves inference accuracy
in implicit systems [4, 63]. The synergistic value of gaze and speech
integration is, therefore, well established. Yet this consistency has
also led to a degree of repetition, with many studies revisiting the
same logic through only minor variations in task or application
domain. For instance, hands-free mouse emulation work often dif-
fers only in dwell thresholds or trigger words [10, 103, 172], while
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personality inference studies frequently rely on nearly identical
data-processing pipelines [138—141]. Such work reinforces the case
for multimodality but risks reinventing the wheel if it stops at
proof-of-concept demonstrations.

The challenge, therefore, is not to show that gaze and speech can
be combined to enhance human-computer interaction—they clearly
do—but to tackle the deeper issues of robustness and scalability,
while also exploring novel ways of using them beyond purely tech-
nical improvements. In the following, we outline the key challenges
that must be addressed to move beyond repetition:

7.2.1 Challenge 1: Temporal Alignment. A recurring challenge across
explicit and implicit paradigms is the temporal alignment of gaze
and speech. Human communication is multimodal but not entirely
synchronous: in deictic references, the fixation most strongly as-
sociated with the referent typically occurs about 630 ms before
the spoken expression [60]. Gaze can therefore serve as a leading
indicator of intent, but only if systems model this lead-lag rather
than assuming synchrony. In explicit tasks such as disambiguating
spoken commands (§5.2.3) and object manipulation (§5.2.2), many
systems bind a command directly to the object under fixation at the
time of speech [28, 46, 83, 157, 161, 175]. This simplification ignores
natural gaze and speech timing offsets and risks applying actions
to unintended objects. This challenge is also apparent in implicit
tasks such as reference resolution, where studies analyse gaze and
speech only at the moment a deictic is spoken [21, 66, 90, 123, 160],
rather than across a temporal window to resolve deictic references.
This increases vulnerability to natural gaze shifts before or during
utterances, which can reduce inference accuracy.

We recommend that future work develop temporal alignment
models that integrate gaze lead times, speech planning phases, and
natural gaze shifts, treating timing as a core design parameter for
robust integration.

7.2.2  Challenge 2: Limited Exploration of Fusion and Inference
Strategies. The inference pipeline for implicit gaze and speech in-
teraction faces two main methodological limitations. First, most
studies process gaze and speech as independent streams, extract-
ing unimodal features and combining them only at the inference
stage. Although this approach improves performance over unimodal
baselines, it overlooks the tightly coupled but non-synchronous
dynamics of gaze and speech [60]. Evidence shows that modelling
synchrony by analysing the data streams together—for example,
in gaze-informed ASR adaptation [33, 143] or voice-note annota-
tion [63]—yields a better understanding of interaction context and
clear performance gains, but both such approaches and broader
exploration remain rare as our review shows. Second, studies in our
corpus rarely provide rationale for their choice of fusion strategy or
inference model. Feature-level fusion is often adopted as the default
despite evidence that model-level approaches may yield superior
performance [4], and model selection is frequently left unexplained.

We recommend that future research should systematically bench-
mark fusion strategies and inference models as design variables
rather than defaults. Without such rigour, implicit gaze and speech
systems are likely to remain at the level of fragmented demonstra-
tions rather than evolving into robust and generalisable pipelines.
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7.2.3  Challenge 3: Lack of Reporting Annotation Method and Model
Generalisability. The reliability of gaze and speech inference mod-
els depends on how data are annotated and model generalisation is
evaluated. Yet across studies, annotation practices remain inconsis-
tent and vaguely reported—manual labels rarely include inter-rater
reliability [17, 72, 143], while automated pipelines do not describe
label quality control [44, 113]. These gaps limit model interpretabil-
ity and reproducibility, making it difficult to assess how annotation
quality influences model behaviour. Likewise, most inference mod-
els are validated only within narrow tasks [140, 167, 168] or the
same participant groups [90, 123, 153, 169], offering no evidence of
robustness across users or contexts.

We recommend that future work establish transparent annota-
tion and evaluation standards—including coder procedures, agree-
ment metrics and explicit cross-task and cross-user generalisation
evaluations—to enable more reliable and transferable multimodal
inference systems.

7.2.4  Challenge 4: Ethical and Privacy Considerations. While gaze
and speech integration enables flexible and adaptive interaction,
it also raises ethical and privacy risks, as gaze reveals not only
attention but also underlying cognitive states [24], and speech con-
veys cognitive state [37] as well as identity [129]. Combined, they
can expose user intent [174] and broader traits such as affect [4] or
personality [141], often extending beyond what users intend. For ex-
ample, pipelines for reference resolution may inadvertently disclose
what users attend to, how they express themselves, or when they
hesitate [111, 112]. Moreover, most research has been conducted in
laboratories under explicit consent, whereas real-world deployment
entails continuous monitoring of spontaneous behaviour, often cap-
turing both users and bystanders without their awareness. This
raises critical questions: how to ensure transparency and user con-
trol over multimodal data, and what safeguards can protect the
privacy of bystanders who do not wish to be monitored?

We recommend that future research embed privacy-by-design
principles in gaze and speech systems, including on-device pro-
cessing and user-facing controls to regulate or disable monitoring
[51, 59]. Without such measures, the promise of natural multimodal
interaction risks being undermined by mistrust.

7.2.5 Challenge 5: Evaluation Beyond Controlled Settings. We ac-
knowledge that most studies in our corpus demonstrating the bene-
fits of gaze and speech integration were conducted under controlled
laboratory conditions. This reflects both the nature of research—
where controlled, reproducible conditions are necessary for rigor-
ous evaluation—and the focus of system design on socially accept-
able private contexts, such as homes or offices, where speech and
gaze are less intrusive and easier to study. However, many deploy-
ment scenarios will occur in public settings—for example, using
smart glasses to compare products while shopping [160], exploring
cultural exhibits in museums [36] and collaborating in shared AR
workspaces [22]. In these environments, new challenges arise: gaze
tracking becomes less stable due to movement and lighting varia-
tion [74], while speech is disrupted by noise, overlapping speakers,
and conversational dynamics [30]. Such variability reduces the re-
liability of gaze as a referential cue and complicates the temporal
alignment of gaze and speech. Current approaches are often tuned
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for controlled laboratory data, rarely account for these conditions,
limiting their generalisability.

We recommend that future work prioritise in-the-wild evalu-
ation, explicitly addressing how noisy gaze signals and dynamic
speech patterns interact, and how integration strategies and infer-
ence pipelines can adapt to ensure robust multimodal interpretation.

7.2.6  Challenge 6: Supporting Diverse Users and Contexts. Although
gaze and speech integration shows strong potential, it is not equally
effective across users or contexts. Within our corpus, only two stud-
ies leveraged this combination for diagnostic inference in Autism
Spectrum Disorder (ASD) [81, 167]. Beyond this, research remains
limited for users with speech impairments, strong accents, low
vocal intensity [20, 35], or visual and oculomotor disorders that
compromise gaze tracking [80]. Social context further constrains
feasibility: overt speech and visible tracking may feel intrusive in
public settings [109], reducing acceptability even when technically
functional. The open challenge is to design systems that do not
assume uniform or “ideal” users.

Future work should broaden evaluation to neurodiverse, im-
paired, and socially constrained contexts, and develop adaptive
models that accommodate variability in gaze and speech.

8 Limitations

This review has several limitations. First, although we applied broad
search terms across multiple databases, some relevant works may
have been missed due to alternative terminology. Second, we fo-
cused exclusively on studies where gaze and speech serve as input
modalities in single-user human-computer interaction, deliber-
ately excluding related areas such as multimodal output [27, 102]
or computer-mediated communication [116, 117]. While this en-
abled a coherent synthesis, it narrows coverage and omits per-
spectives from fields like computer-mediated human-human in-
teraction [94, 98, 135], which are growing in importance. Third,
ten studies in our review examined embodied agent interactions,
primarily for inferring personality or predicting user intent (§6.2).
Many embodied-agent systems, however, operate in multi-user
settings [6, 88], which fall outside our single-user HCI scope. Fu-
ture work could extend beyond this boundary to examine gaze and
speech interaction in multi-user embodied-agent contexts, where
social dynamics and shared attention are central. Finally, our con-
tribution centres on synthesising common feature representations,
integration strategies, and task categories, rather than performing
detailed comparative analyses of evaluation metrics. Future work
could extend this foundation by systematically examining nuanced
outcomes, such as performance measures and contextual effects.

9 Conclusion

In this scoping review, we systematically examined 103 studies that
combine gaze and speech for human-computer interaction. We
found that across the literature, this combination is used either
explicitly, where gaze and speech function as deliberate input, or
implicitly, where systems infer meaning from natural gaze and
speech behaviour. Across both, we observed recurring patterns in
how the modalities are combined, shaped by their functional roles,
feature representations, and integration strategies. Moreover, their
complementary strengths—with gaze providing spatial grounding
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and speech contributing meaning and explicit intent—enable sys-
tems to reduce ambiguity, enhance expressiveness, and support
both precise control and adaptive interaction. Our synthesis consol-
idates a fragmented research landscape, offering a structured view
of how gaze and speech work together across various application
domains, and paving the way for future multimodal systems that
are richer and more adaptive.
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Figure 6: Design space of gaze and speech interaction, based on Nigay and Coutaz [91] multimodal framework, contrasting
parallel vs. sequential fusion and independent vs. combined use of modalities.

Table 4: Search query string for ACM-DL, IEEE, Web of Science, Scopus

Database Search Query

ACM (Abstract:(("gaze" OR "eye")) OR Title:(("gaze" OR "eye")) OR Keyword:(("gaze" OR "eye"))) AND (Title:((

Digital  "speech"” OR "voice" OR "audio" OR "vocal" )) OR Abstract:(( "speech” OR "voice" OR "audio” OR

Library  "vocal")) OR Keyword:(( "speech” OR "voice" OR "audio” OR "vocal" ))) AND (Abstract:(("interact*™ OR
"communicat*” OR "input” OR "technique" OR "model" OR "system" OR "interface")) OR Title:(("interact™"
OR " communicat™ OR "input" OR "technique"” OR "model" OR "system" OR "interface")) OR Keyword:((
"interact*" OR " communicat™ OR "input” OR "technique"” OR "model" OR "system" OR "interface")))

IEEEX  ((("Document Title":"gaze" OR "Document Title":"eye" OR "Abstract":"gaze" OR "Abstract":"eye" OR "Author Key-
words":"gaze" OR "Author Keywords":"eye") AND ( "Document Title":"speech" OR "Document Title":"voice" OR
"Document Title":"audio” OR "Document Title":"vocal" OR "Abstract":"speech" OR "Abstract":"voice" OR "Ab-
stract":"audio” OR "Abstract":"vocal" OR "Author Keywords":"speech" OR "Author Keywords":"voice" OR "Au-
thor Keywords":"audio" OR "Author Keywords":"vocal") AND ( "Document Title":"interact*" OR "Document Ti-
tle":"communicat*" OR "Abstract":"interact™" OR "Abstract":"communicat*" OR "Author Keywords":"interact™" OR
"Author Keywords":"communicat* OR "Document Title":"input" OR "Document Title":"technique" OR "Docu-
ment Title":"model" OR "Document Title":"system" OR "Document Title": "interface” OR "Abstract":"technique”
OR "Abstract":"model" OR "Abstract":"system" OR "Abstract":"interface” OR "Abstract":"input" OR "Author
Keywords":"technique” OR "Author Keywords":"model”" OR "Author Keywords":"system" OR "Author Key-
words":"interface" OR "Author Keywords":"input")))

Scopus  ((TITLE ( ("gaze" OR "eye")) OR ABS ( ( "gaze” OR "eye" ) ) OR AUTHKEY ( ( "gaze" OR "eye" )) ) AND ( TITLE
(("speech" OR "voice" OR "audio" OR "vocal" ) ) OR ABS ( ( "speech" OR "voice" OR "audio" OR "vocal" ) ) OR
AUTHKEY ( ( "speech” OR "voice" OR "audio” OR "vocal")) ) AND ( ( TITLE ( ( "interact* OR "communicat™" OR
"input” OR "technique” OR "model" OR "system" OR "interface" ) ) OR ABS ( ( "interact*" OR "communicat*" OR
"input” OR "technique” OR "model" OR "system" OR "interface" ) ) OR AUTHKEY ( ( "interact™" OR "communicat™
OR "input" OR "technique" OR "model" OR "system" OR "interface")))))

Web of (TI=("gaze" OR "eye" ) OR AB=("gaze" OR "eye" ) OR AK=("gaze" OR "eye" ))AND (TI=("speech" OR

Science "voice" OR "audio" OR "vocal" ) OR AB=( "speech" OR "voice" OR "audio” OR "vocal") OR AK=(
"speech” OR "voice" OR "audio” OR "vocal")) AND (TI=( "interact*" OR "communicat*" OR "input" OR
"technique” OR "model" OR "system" OR "interface") OR AB=( "interact*" OR "communicat*" OR "input"
OR "technique" OR "model" OR "system" OR "interface") OR AK=( "interact*" OR "communicat™ OR
"input” OR "technique” OR "model" OR "system" OR "interface"))
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Table 5: Column descriptions of the table created for analyzing data extracted from selected papers

Column ID Column Description

C1
C2
C3
C4
C5
Ceé
Cc7
C8
C9
C10
C11

What task is being facilitated through the combination of gaze and speech ?

Who are the users interacting through the combination of gaze and speech (e.g., robot, user) ?
Is the combination of gaze and speech employed for real-time interaction or for the offline analysis ?
Are gaze and speech used as sequential or parallel modalities in the context of interaction ?
What specific gaze and speech cues are used during the interaction ?

Do the extracted gaze cues serve to facilitate interaction in an explicit or implicit manner ?
Does the interaction require the fusion of gaze and speech modalities ?

At what level (feature, or model) does the fusion of gaze and speech occurs ?

What methodological techniques are used to combine gaze and speech cues for interaction ?
What annotation practices are used for labelling ground truth data in implicit interaction ?
How are models built and evaluated for inferences across task and users ?
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