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Abstract: Human communication in daily life entails not only talking about what we are
currently doing or will do, but also speculating about future possibilities that may (or may
not) occur, i.e., “anticipatory speech”. Such conversations are central to social cooperation
and social cohesion in humans. This suggests that such capabilities may also be critical for
developing improved speech systems for artificial agents, e.g., human—-agent interaction
(HAI) and human-robot interaction (HRI). However, to do so successfully, it is imperative
that we understand how anticipatory speech may affect the behavior of human users
and, subsequently, the behavior of the agent/robot. Moreover, it is possible that such
effects may vary across cultures and languages. To that end, we conducted an experiment
where a human and autonomous 3D virtual avatar interacted in a cooperative gameplay
environment. The experiment included 40 participants, comparing different languages
(20 English, 20 Korean), where the artificial agent had anticipatory speech either enabled
or disabled. The results showed that anticipatory speech significantly altered the speech
patterns and turn-taking behavior of both the human and the agent, but those effects varied
depending on the language spoken. We discuss how the use of such novel communication
forms holds potential for enhancing HAI/HRI, as well as the development of mixed reality
and virtual reality interactive systems for human users.

Keywords: human-robot interaction; social cognition; virtual avatar; speech system; language
differences; virtual reality

1. Introduction
Overview

It could be argued that most of what humans talk about is not actions we necessarily
do ourselves, but rather speculation about events that happen in the world around us. The
weather, the economy, politics, sports, etc. This includes events that have occurred in the
past as well as events that may (or may not) occur in the future, i.e., things we imagine as
rational possibilities [1]. Natural human conversation is full of this kind of speculation,
which may eventually lead to actions but is not yet action in and of itself. In other words, it is
what we might refer to as “anticipatory speech”, a term we coin here to define it. In contrast
to the more typical planning approach for artificial agent speech, which is geared towards
specific actions the agent will perform, the focus of anticipatory speech is on potential
events with unclear probability. Humans are thought to engage in such speech because it
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allows them to cognitively structure their own thoughts by mentally rehearsing various
actions toward multiple potential events [2,3], while also communicating a sense of “shared
experience” to other people around them in order to create the social cohesion necessary
for surviving in an uncertain world (i.e., “we’re all in this together” mentality) [4-7]. The
purpose of anticipatory speech in that sense is very different from the purpose of speech
planning, in that for the former, we are not really planning actions but rather attempting
to engage socially. As such, we would argue that perhaps our social robots and artificial
agents should do the same sort of thing, given that they were inherently designed to be
social (i.e., unlike service robots or physical machines). Intuitively, that makes sense, but
the challenge, of course, is how to accomplish it in practice [8,9]. After all, it is easy enough
to talk about what is happening, or has already happened, or even what we will definitely
do in the future, but in contrast, talking about what might happen and what we might do is
much more abstract.

It is important to clarify the difference between the definition of anticipatory speech
given above and other related concepts: joint planning, speech planning, dialogue state
trackers, turn-taking prediction, etc. Joint planning, for instance, focuses on the actions that
an agent/robot and human will perform towards some specific task (i.e., no speculation
involved) in an attempt to create better coordination between them. It can be thought of
as an extension of classical planning methods in computer science and Al [10-13]. Speech
planning is a term originally from neuroscience that refers to the human production of
speech content (i.e., taking an idea and turning it into words) and is often applied to
populations where such speech production is disrupted (e.g., people who stutter, post-
stroke patients) [14-16]. Dialogue state trackers are used in many modern speech systems,
but typically focus on what has already been said in order to try to keep the agent/robot
“on-topic” during the conversation [17-19]. Turn-taking prediction focuses on determining
appropriate times for agent/robot to speak so as not to interrupt a human conversational
partner [20,21]. As one can see from such descriptions, all those other terms have a different
meaning and purpose from anticipatory speech, which is focused on speculating about
potential events.

Presently, many speech systems for human-agent interaction (HAI) and human-robot
interaction (HRI) focus on current actions and/or knowledge of prior events (see Section 2),
and even large-language model (LLM) systems like ChatGPT can be framed similarly given
their corpus-based training methods [22,23]. To our knowledge, there is limited research on
embedding speculation into speech systems for artificial agents. A search on Google Scholar
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for “speculation” along with terms such as “conversational agent”, “conversational user
interface”, “speech system”, etc., returns only a handful of relevant articles, e.g., [24-26],
though to be clear, this paper is not intended as a full-blown meta-review of the literature.
Moreover, many of those papers did not involve actual experiments with a robot/virtual
agent, but rather were theoretical papers (in contrast to this paper). As such, a good first
step towards this idea is to explore different methods for creating “anticipatory speech”
in artificial agents and measure the effects thereof. Towards that end, we designed a
human interaction experiment with an autonomous conversational agent (in the form
of a 3D virtual avatar) that could interact with humans in a cooperative survival game
environment. The avatar was equipped with anticipatory speech capabilities, which could
be turned on and off to test the effects. Our primary aim was to see if there were any
differences during interaction with an artificial agent that had anticipatory speech enabled
versus one that had it disabled. Additionally, we wanted to see if any detected differences
were consistent across different languages or varied across languages.

This research has potential applicability to HAI, HRI, and more broadly, conversational
user interfaces (CUIs) in terms of augmented and mixed-reality systems that attempt to
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integrate virtual interaction and physical interaction within a single platform [27,28]. We
discuss this potential in the Section 5 at the end.

2. Background
2.1. Theoretical Work

The question of what makes a conversational agent or interface “intelligent” is a
complicated one [29]. From a theoretical perspective, the broad notion that such intelligence
would entail having an artificial agent that could anticipate events in the real world before
they occur has a long history [30,31]. More recently, there have been theoretical attempts to
address it in the fields of HAI and HRI, some of which have applicability to the problem
we are addressing here.

For instance, Chater (2023) argued that the concept of social cohesion (introduced
in Section 1) should be seen more as “virtual bargaining” between two parties. In short,
the collective meaning inherent in social communication is not defined by any individual
person (or artificial agent for that matter), and as such, communicating about the future
should be viewed as a sort of “negotiation” between conversational partners about what
is important to focus on (versus what is not), based on known social norms [32]. After
all, humans are not really free to do “whatever they want”, even though there is a lot of
flexibility within the constraints of social and cultural systems. Sometimes we do not even
clearly articulate our speech on purpose (e.g., dialect use, slang), in order convey hidden
meaning or signal status to others [7]. As such, we may be placing too heavy a burden on
our artificial agents by omitting the fact that what we say is not always the “real point” when
we engage in efforts to create more natural Al interactions by focusing on what our artificial
agents say, since there is so much being sub-communicated in real human interactions
that has to be interpreted by both parties. In other words, it is not a fixed set of “rules”
that govern human behavior, but rather a negotiation about the future that determines the
“rules” in the real world [32]. Speculation, in that sense, is a form of negotiation. Thus,
if an artificial conversational agent can negotiate the rules through speculation, then it
may possibly have a greater chance of successful interaction with humans. Suffice it to say,
there are some intriguing parallels between our notion of speculating about the future via
anticipatory speech and Chater’s concept of social negotiation.

Beyond the above, some researchers have recently looked into creating virtual simula-
tions of cooperation between human infants and their caregivers (including both verbal
and non-verbal interaction) as a way of understanding simple cooperative scenarios prior
to the social complexity we typically see among human adults [33,34]. The idea is that
developing a stronger theoretical basis through such virtual simulation will identify the
basic components of social cooperation that could then potentially serve as building blocks
for improved artificial agents and robots. The strategy of using these kinds of virtual
simulations to model more complex social scenarios has some similarities to this research
here, though our work is more experimental in nature (see the next section).

Of course, there are other studies in existence related to coordinated joint actions
between humans and robots conducted in lab settings meant to understand the theoretical
basis of physical coordination, but those focus mainly on the mechanics of the physical
action itself (e.g., kinematics) [35]. Though such coordination can at times involve speech
communication, that is not the focus, nor are those studies designed specifically to study
speech interaction [10,36]. As such, that research has limited applicability to our specific
problem scenario here, which does not necessarily require any sort of physical interaction
to occur. Indeed, user models in HRI/HAI cover many modes of interaction with social
robots and virtual avatars, not all of which are physical in nature, even when applied to a
physically embodied robot [37].
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2.2. Experimental Work

Aside from theoretical work, there has also been prior experimental research on speech
systems for artificial agents geared towards future actions, which, although different from
the concept of anticipatory speech here, still provides some useful background on how
scientists are exploring different types of speech with regard to artificial agents.

For instance, in the field of HRI, many researchers have evaluated the effects of speech
on trustworthiness and user perception, though not necessarily the effects on actual task
performance [13,38]. It remains an open question whether impacting trust will actually
carry through to impact completing some task jointly by a human and artificial agent
in the real world, though that is currently a hot area of research [39]. There have also
been a few attempts to measure the effects of verbal feedback from a robot/agent prior to
human-performed actions during interactions, though the results of such research have
been mixed. Some researchers report significant effects, while others report no clear effect;
e.g., the human-performed action remains the same after feedback [40—43]. That may be
an issue with how the feedback is being communicated by the robot that limits its impact
or have something to do with user perceptions of the robot’s intelligence [44]. Suffice it to
say, while there is a general consensus in the field that trust and alignment are important
factors in HRI, it remains unclear as to what degree.

Other researchers have focused on the topic of recovering from moments of miscom-
munication during speech dialogue in HRI/HAI, which often leads to interaction failures.
Typically, that entails some sort of speech about specific future actions on the part of the
robot/agent so as to recover from miscommunication by guiding the human user towards a
particular behavior [45,46]. While that sort of scenario is still reactive in the sense that itis a
response to a previous interaction failure, it does entail some anticipation about the future,
though not necessarily utilizing prediction. Rather, for example, speech in that scenario
may involve “explanations” of why the current interaction failure may have occurred, so
that the human can attempt to fix the issue, e.g., the human performed a task step out
of sequence, such as when assembling something [47,48]. That is obviously quite a bit
different from speculating about the future. Regardless, it is still an open debate as to how
social robots should best respond to failures during HRI, and thus an active area of research
in the field [46,49].

Another related topic is that of “fluency” during HAI and HRI, referring to the artificial
agent purposely engaging in more proactive behaviors (in contrast to merely reacting).
This idea has been explored in various ways by researchers, generally in terms of behaviors
intended to trigger human responses [12,50-52]. Some of the early work in that area was
done by Hoffman et al., who defined different kinds of robot anticipation and ways to
measure any resulting task efficiency improvements [12]. Interestingly, however, later
researchers found that proactive behaviors in artificial agents are not always preferable and
that, in fact, some users react negatively to such behavior in certain situations [43]. While
some of that research has used human speech cues to trigger proactive robot behavior,
a substantial portion has utilized non-verbal cues of humans, such as user intent based
on eye gaze [50]. Moreover, much of the focus has also been on enabling the robot to
interpret human cues, rather than the robot’s own behavior [53]. That said, there has also
been some related work where the robot attempts to anticipate the human user’s next
utterance during dialogue, i.e., guessing what the human will say next [54]. This idea is
related to the concepts of turn-taking prediction and dialogue state trackers mentioned
in Section 1 [21-23]. Nevertheless, there is a significant difference between the body of
research on robot fluency and the robot “speculation” we define in Section 1. Similar to
the other experimental research above, while there are some things we can draw from the
literature for developing our concept of anticipatory speech here, its applicability is limited.
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3. Materials and Methods
3.1. Approach

Our approach here incorporates different strategies, combining natural language
ontologies with deep learning (DL) models of in-game events (game paradigm described
below) [55]. The goal is to predict events likely to occur in the near future and then speak
about them before they occur. Similar work has been done in prior research using machine
learning (ML) for modeling joint actions between humans and robots [56], but our focus
here is specifically on conversational aspects (i.e., anticipatory speech) in order to facilitate
better interaction. Many of the things we are predicting are game “events” that happen in
the world around the human and the artificial agent, not necessarily actions they perform
themselves. Nor is there absolute certainty that the events will indeed take place—only the
possibility. In that sense, it is intended to be similar to how humans communicate with each
other via speculation (see Section 1).

3.1.1. Avatar Speech System

We used the Loomie application to create the 3D humanoid virtual avatar for the
experiment, using the same ethnically ambiguous female avatar with all participants
(https:/ /www.loomielive.com/ accessed on 12 December 2024). The avatar was capable
of moving its lips synchronously with the synthesized speech, as well as some basic
built-in gestures from the Loomie application, which we did not attempt to modify here.
The speech system itself (both development and testing) has been described in detail in
several previous publications [57,58], so we provide a brief overview here for brevity.
In short, the speech system was developed as a “Social Al” specifically for cooperative
game paradigms, where the system has awareness of events occurring within the game in
real time, including player actions, as well as the ability to detect and respond to human
utterances (i.e., automatic speech recognition, ASR). The speech content of the system itself
was essentially a knowledge base that comprised hundreds of different speech utterances
covering 46 different utterance categories, each related to a particular game situation (e.g.,
collecting resources, fighting monsters, deciding where to go next).

The agent’s speech comprised 3 types: self-generated speech (regarding current/past
game events), anticipatory speech (about future possibilities), and ASR responses (to
human queries). These are terms we defined to distinguish between utterances the Al
produces using its internal logic of what to say next based purely on the current situation
(self-generated) versus utterances that are based on predictions of potential future events
(anticipatory speech). In contrast to these two, ASR responses are direct responses to human
queries. Some short example dialogues of speech interactions between the human user and
the artificial agent are provided in Appendix A, including both examples with and without
anticipatory speech. The idea was that anticipatory speech should hypothetically create
more fluid interactions and provide better coordinated action between the human and the
artificial agent.

The anticipatory speech was generated via deep learning models in Keras (https:/ /keras.io/
accessed on 12 December 2024), which have been described in detail previously elsewhere,
showing an AUC (area-under curve) performance of roughly 0.81 in predicting future game
situations (see Section 4.3 in [58]). Here, we focus on the application of those models during
user testing and thus provide only a brief description of the model details for brevity. In
short, those models attempt to predict future game situations that are likely to occur in
the next 5-10 s and then talk about them. The models ran in real time, producing new
predictions every second. In terms of architecture, the models combined several layers of
convolutional neural networks (CNNs) and recurrent neural networks (LSTM), followed
by a final dense layer with a sigmoidal activation function to produce a set of binary
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predictions (probabilities) for multiple game situations simultaneously. The idea behind
the model architecture was that the CNN layers could parse out “invariant representations”
of pattern signatures occurring anywhere in the interaction, followed by the LSTM layers
detecting critical “sequences” of those patterns over time. By critical, we mean that those
sequences are related to the aforementioned game situations (e.g., collecting resources,
fighting monsters, deciding where to go next) occurring shortly thereafter. To limit anticipa-
tory speech to occurring only above a certain predicted probability, a probability threshold
was set to control their frequency (0.7 in our case), which was determined through trial
and error during testing. If more than one game situation exceeded the threshold, then the
game situation with maximum probability was selected. The full detailed results of the
training /testing of those models, including a comparison of different model architectures
and other types of machine learning models, is reported elsewhere [58], but the deep learn-
ing model architecture described above had the best performance (AUC of roughly 0.81).
In the study here, we used that optimal model in combination with the aforementioned
speech content from our knowledge base, containing 46 different utterance categories,
each related to a particular game situation. However, a newer “speech system 2.0” using
GPT-3.5 (OpenAl, San Francisco, CA, USA) for on-the-fly utterance generation (rather than
a knowledge-based approach) is under development, though it was not available at the
time of these experiments.

The speech system was implemented as a custom code written in Python (version
3.10) using locally installed (Windows or Mac) voice packages for text to speech (TTS), with
the Microsoft Azure API used for ASR. The speech system is also trilingual, capable of
speaking and understanding English, Korean, and Japanese. All of these languages have
been rigorously tested and verified with native speakers over several years.

3.1.2. Game Environment

For the study here, we used a video game called “Don’t Starve Together” as our coop-
erative game environment (https://www.klei.com/games/dont-starve-together accessed
on 12 December 2024), which anyone can download from Steam online. This video game is
a social survival game (e.g., Minecraft) that involves multiple players who need to engage
in various tasks to survive as long as possible: collect resources, make tools, fight monsters,
find food. Similar to other social survival games, “Don’t Starve Together” requires that
players collect specific combinations of resources in order to build things, such as weapons
and shelters. Lacking those things, they are vulnerable to various dangers and will likely
lose the game via player death (i.e., goal-oriented), though there are multiple strategies that
can be pursued to achieve those goals (i.e., free-form). More importantly, it has cooperative
multi-player gameplay modes (used here), which allow the players to cooperate on such
tasks to survive. The tasks are under time constraints, however, since the danger level and
difficulty gradually increase over time. Given those attributes, “Don’t Starve Together”
provides an ideal platform to simulate free-form yet goal-oriented cooperative gameplay
that mirrors the one found in real-world interaction scenarios, where there are typically
multiple possible strategies and time constraints on actions/decisions.

3.2. Experiment and Data Collection

For the experiment here, we recruited 40 participants, with 20 English speakers and
20 Korean speakers. We then randomly split the participants up, stratified by language, so
that 20 of them were assigned the experimental H1 condition (with “anticipatory speech”
enabled) and 20 were assigned a Control condition (without it, i.e., disabled). The result
was that each condition had 10 participants in Korean and 10 in English, which allowed us
to test for difference by condition and by language simultaneously. The study design and
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sample size were based on effect sizes (>0.8) observed in our previous studies of bilingual
robots and were approved by the IRB of Hanyang University (protocol # HYU-2021-138).

An example of the experiment can be seen in Figure 1. The experiment’s physical
setup comprised two computers in two separate rooms, with one for the human participant
(“player computer”) and one for the virtual avatar where its code was run (“confederate
computer”). Both computers were linked to the same online game server. The player
computer was further equipped with an HD camera, headphones, and Blue Snowball
microphone for high-quality audiovisual recordings of the experiment. Each game session
involved one human participant and the virtual avatar interacting autonomously during a
30 min game session on a private server in a 2-player cooperative gameplay mode. The
two could see and communicate with each other via Zoom during the entire game session,
alongside the game itself.

FHEEEREEEEEEEEEEE ..
. -

I’l ﬂ’!‘! - -3 1‘:‘

Figure 1. Gameplay example during experiment: human vs. avatar (from [58]).

3.3. Data Analysis

During the experiments, we collected audiovisual recordings of the interaction be-
tween the human and the virtual avatar during each game session using OBS Studio
(https:/ /obsproject.com/ accessed on 12 December 2024). From those recordings, we later
extracted the speech for both the avatar and the human player synced with in-game game-
play events, which were then used for various kinds of natural language processing (NLP)
analysis to generate speech interaction patterns. Speaker diarization (available open-source
from Google) was used to determine whether the human or avatar was speaking at any
given moment, while standard NLP methods were used to generate utterance counts, inter-
ruption frequencies (based on interpausal units, IPUs [21]), and speech sentiment (lexical
parsing via VADER [59,60]), similar to our previous publications [57,61]. These measures
are typically used to assess the quality of the speech interaction. We utilized two-tailed
independent-sample t-tests on those speech interaction patterns to test for differences across
conditions and languages.

We also collected several standardized HRI instruments at the end of the experi-
ment for each participant, including Godspeed [62] to measure human perceptions of
the robot/agent and Networked Minds [63] to measure “social presence” [64]. All of
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these instruments were evaluated across languages and conditions, the same as the speech
interaction patterns above.

4. Results

We evaluated several different metrics meant to be indicators of the “quality” of the
speech interaction with artificial agents, including utterance counts, interruption frequen-
cies, and speech sentiment, similar to other research in the field [21,57,59,61]. These were
designed to allow us to get a sense of aspects such as how engaging a conversation was
(utterance counts) and how fluid it was (based on interruptions). We also know from past
research that these metrics vary by language [57].

4.1. Utterance Counts

First, we wanted to examine the amount of speech (i.e., utterance counts) to see if there
were any effects due to adding anticipatory speech capabilities to an artificial agent. Before
doing so, we checked the speech output of the agent in the H1 condition to confirm if it
was producing a reasonable number of anticipatory speech utterances while still producing
its normal self-generated speech (on current/past game events) and ASR responses (to
human queries). As shown in Figure 2, that appeared to be the case, with anticipatory
speech comprising about 30% of the agent’s total speech (the original design intention).

m Avatar-anticipatory
m Avatar-self generated
m Avatar-ASR

Figure 2. Artificial agent speech patterns (H1 condition).

After validating that the system was working as designed, we analyzed the average
amount of speech utterances for both the human and agent across game sessions, by both
language and condition. The results can be seen in Table 1. The main takeaway was
that introducing anticipatory speech in the artificial agent (H1 condition) caused both the
human and the agent to talk more than without such speech (Control condition), including
the agent producing more self-generated speech based on game events. However, those
differences depended on the language being spoken, with the significant differences mainly
being on the Korean side. In the Control condition, Korean speakers spoke much less
with the agent than English speakers (or bilingual speakers, for that matter), which we
have discussed in previous publications [57,61]. However, with anticipatory speech added,
Korean speakers were much more similar to English speakers. We do note there was an
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increase in English human speakers’ utterances on average, though that did not obtain

statistical significance here, but might if the study was re-run with a larger sample size.

Table 1. Utterance counts by condition and language (* <0.05, ** <0.01, *** <0.001).

Control (std) H1 (std) p-Value Sign.
English
Human 122.66 (54.8) 169.9 (79.29) 0.15390
Avatar 99.44 (18.02) 135 (34.37) 0.01250 *
Avatar-planned NA 32.8 (8.92) -
Avatar-self generated 79.33 (10.93) 80.5 (20.24) 0.87640
Avatar-ASR 20.11 (11.24) 21.7 (13.63) 0.78640
Korean
Human 35.1 (18.46) 96.8 (52.35) 0.00480 **
Avatar 32.6 (17.68) 119 (23.88) 0.00000 e
Avatar-planned NA 48 (15.28) -
Avatar-self generated 30.8 (16.87) 66.2 (10.05) 0.00002 o
Avatar-ASR 1.8 (1.48) 4.8 (4.05) 0.04990 *

Curiously, the increase in the artificial agent’s self-generated speech here also suggests
there may have been a change in the human playing the game, perhaps more adventurously,
leading to more game events that the artificial agent could comment about. In other words,
anticipatory speech might possibly affect human non-verbal behavior during HRI/HAL
This is an intriguing possibility, though our attempts to confirm this hypothesis by ana-
lyzing the gameplay data produced only mixed results. More research (and/or possibly a
different study design) is needed to tease that apart. As such, it remains an intriguing but
speculative idea for now.

4.2. Interruption Frequency

Next, we evaluated whether adding anticipatory speech caused any changes in how
frequently either the human interrupted the avatar, or vice versa. Interruptions here are
defined as speech that overlapped the other player’s speech (IPU), in contrast to waiting for
them to finish speaking, regardless of whether it was accidental or not. In a broader sense,
we can think of such interruptions as failures of proper turn-taking during a given social
interaction [21]. Since there were differences in the utterance counts between language
and condition (see Section 4.1), the interruption counts were calculated as a percentage
of the total utterance count within each category, for fair comparison. In other words,
they are frequencies based on the number of “opportunities to interrupt”, rather than raw
counts. The results can be seen in Table 2, broken out by language and by which speaker
interrupted the other.

Table 2. Interruption frequency by language and speaker (** <0.01, *** <0.001).

Control (std) H1 (std) p-Value Sign.
Condition
English 2.96% (3.30) 3.70% (2.10) 0.40280
Korean 0.76% (1.29) 5.16% (3.89) 0.00010 e
Overall 1.80% (2.77) 4.43% (3.21) 0.00850 **
Speaker
Avatar—English 4.20% (3.09) 4.56% (1.78) 0.65420
Human—English 1.68% (1.33) 2.85% (2.25) 0.05250
Avatar—Korean 0.90% (1.57) 8.09% (3.40) 0.00010 *AE
Human—Korean 0.64% (0.90) 2.23% (1.73) 0.00080 e
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Similar to what we saw in Section 4.1, for interruption frequency, all significant
differences were on the Korean side, with none on the English side. The largest difference
by far was with the Korean-speaking virtual avatar agent (Control—0.9% vs. H1—8.1%),
which had a roughly 8-fold increase in interruption frequency. Meanwhile, on the English
side, the agent’s interruption frequency was virtually the same. There are a number of
possible reasons why that may have occurred. For instance, perhaps English speakers, by
nature, expect more anticipatory speech to begin with, so they leave more pauses during
a conversation to allow for that. If so, that could explain why there was less of an effect
of anticipatory speech on the English side for utterance counts in Section 4.1. This could
also explain why the Korean speakers talked more during the H1 condition, if perhaps
the unexpected anticipatory speech prompted in them an increased urge to respond to the
agent. Perhaps it even reflects a cultural/linguistic difference in verbal planning behavior,
which might be embedded in the structure of the language itself [65].

However, the above is just one possible interpretation that we considered, and there
could be other interpretations. For instance, it could be related to differences in politeness
levels across cultures. Alternatively, perhaps there are some non-verbal cues to turn-taking
that are important on the Korean side, but not so much on the English side, which we
unknowingly omitted due to the virtual nature of the interaction. That is the topic we
return to in Section 5.2 in the Section 5, where we discuss the design implications for
artificial agents.

4.3. Other Analysis Results

We also conducted several other analyses to test for other effects due to anticipatory
speech in artificial agents, none of which obtained statistical significance. We report those
here, for thoroughness.

We analyzed the speech sentiment by both language and speaker, comparing the
Control and H1 condition. The results are shown in Figures 3 and 4. Although there was a
slight shift towards more positive/neutral sentiment and less negative sentiment (in both
Korean and English) when the artificial agent employed anticipatory speech during the H1
condition, those shifts were not statistically significant in our study here.

100.0%
90.0%
80.0%
70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%
0.0%

Korean-human Korean-avatar English-human English-avatar

m Neutral m Negative m Positive

Figure 3. Sentiment analysis—H1 condition.
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Figure 4. Sentiment analysis—Control condition.

Likewise, we analyzed the collected HRI instrument data mentioned in Section 3.3.
The results can be seen in Table 3. There were no significant differences in either Godspeed
or Network Minds with and without anticipatory speech. Nor were there any differences
separately for Korean or English, or for any of the individual subscales from Godspeed.
This implies that anticipatory speech does not significantly affect human perceptions of
the artificial agent or the sense of “social presence”—at least not in a way detectable by the
instruments used in the study design here. We cannot rule out that other HRI instruments
may be more sensitive to the effects of anticipatory speech on user perceptions. More
research is needed on the topic, as presumably, if there is a behavioral effect, then there
must be some perceptual effect (even if at only a subconscious level).

Table 3. Instrument comparison by condition.

Control H1 p-Value Sign.
Godspeed 3.44 3.22 0.16100
NM Self 3.20 3.07 0.27000
NM Other 3.31 3.09 0.20200

5. Discussion
5.1. Summary of Results

Based on our results here, it appears to be clear that adding anticipatory speech to
artificial agents and robots does affect the way in which people communicate with them.
These effects on the interaction, however, appear to vary by language and context. In other
words, what we find during an English-based HRI/HAI study may really only apply to
English, rather than some universal principle across all languages and/or contexts. Beyond
that, we also detected some potential changes in the humans’ behavior due to anticipatory
speech. That included both altered speech behaviors and in-game behavior, though the
results for the latter were not conclusive and require more study.

To summarize, there are clear differences during human interaction when artificial
agents engage in anticipatory speech, speculating about future events. The effects thereof
appear to play out in some unexpected ways, which vary based on a number of factors.
This is a rich area for future research in HRI/HAI to explore, and it also has a number of
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implications for how we design robots and artificial agents, as well as for how we think
about modes of communication during interaction. We explore these implications in the
next section.

5.2. Implications
5.2.1. Design Implications for Artificial Conversational Agents

There are a number of implications from this research for both designing artificial
conversational agents and thinking about their use in real-world in-home environments.
For instance, in this study, we saw that alterations in the speech system of such agents can
have differing effects across languages, aligning with results seen in other studies [57,61].
This is critical to consider in the modern world, where multi-cultural and multi-lingual
environments are increasingly common [8,66,67]. In short, a CUI designed for a multi-
cultural and/or multi-lingual environment may need to be designed differently from a
more homogenous monolingual one.

We can extend the above point more broadly to think about how context affects
interactions with conversational agents, which is unfortunately too often overlooked [68].
Such a context may involve culture and linguistic setting, but also a human’s functional
role at the current moment. For instance, at work, we may serve one role (e.g., bank teller,
nurse, professor), while serving a different role at home (e.g., parent, caregiver, spouse).
The exact same person can behave (and communicate) in very different ways depending
on the context and their role within it. Moreover, those contexts can change depending on
our location and/or who else is present at the time. This demands that we consider the
socially situated context within which an interaction takes place [67].

For conversational studies, such as the one we conducted here, the above will likely
necessitate coming up with some way to disentangle the lexical aspects of a language
itself (i.e., the words used) from the cultural influences that shape how individual native
speakers express themselves through those words. Those lexical aspects are, of course,
rooted in the historical development of the language, developing alongside the culture over
time. Meanwhile, culture influences how individuals behave/speak in the present, which
may diverge from the historical lexicon for various reasons [7]. For example, think of the
difference between the standard meaning of a word and its use as slang, e.g., the word
“snack” in modern American English (referring to an attractive person, rather than food).
Disentangling the two will be no easy feat and likely require a very sophisticated study
design. One possibility may be to take advantage of slang meanings that diverge from
standard meanings to investigate socially situated context effects on conversations between
humans and robots/agents, though how to do so cross-linguistically via experiments will
be a challenge.

Another design aspect is to think about the technological context. In short, the conver-
sational agent (or the device it is speaking through) is never going to be the only technology
in the room. Indeed, with the growth of internet-of-things (IOT) systems in homes and
workplaces, humans are increasingly living in a “world of devices” [69]. One thing to
consider is how a conversational agent on some specific device can interface with other
devices in the environment or leverage data coming off such devices. For example, in
a healthcare setting, there may be many digital health devices present (e.g., wearables),
which could all provide a different perspective on the patient’s status through different
sensing capabilities [70]. That may allow the conversational agent to autonomously alter
its dialogue in ways that better assist a patient, taking into account linguistic differences in
how individuals express their physical/mental state or incorporating “speech biomarkers”
from the conversation itself [22]. Or take a different scenario. Imagine a conversational
physical robot that could “transform” into an artificial agent and appear on a digital screen
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elsewhere in a person’s home in order to continue communication—or even transfer to a
digital screen in the person’s vehicle when they leave home. It is important for the field
of human-centered Al to think about these kinds of future interaction scenarios [71,72]. It
may not be necessary to have a physical device that follows the person from room to room
or to different locations, if devices already exist in those places. That is a radically different
way to think about “robots”.

5.2.2. Design Implications for HRI/HAI Gameplay

We would be remiss not to note a few design considerations specifically for human
gameplay with artificial agents and robots based on the experiments described in this paper.
There are two major things of note.

First, during a computer vision (CV) analysis of human facial expressions, we discov-
ered that during these kinds of cooperative video game scenarios, human users tended to
make limited eye contact with the virtual avatar—only on occasion and often very briefly.
This is in contrast to other previously reported HRI experiments [73-75], which we suspect
has something to do with the intensive rapid-fire pace of the game used here. Many of
those previously reported games in HRI experiments were slow-paced turn-taking kinds of
games where players can pause and think about their next move (~70-80% of experiments
use such games [76]), but modern video games are often much more fast-paced and require
sustained attention.

Second, we found that human users often make only a small range of facial expressions
during these games, typically alternating between either a happy expression (smiling or
laughing) and a look of concentration or frustration, which modern facial expression
recognition algorithms tend to classify as “neutral”. Other facial expressions (e.g., sadness,
surprise, disgust) were recorded very rarely. We have reported that CV analysis elsewhere
in a separate journal publication [77].

There are some important design implications for HRI that we can draw from the
two points above. In particular, the types of interactions we observe between humans
and robots during gameplay will likely depend on the pace of the game and the level of
attention required. which appears to be true even for cooperative games, so we should be
careful generalizing conclusions only from a single type of game, as has often been done
in previous research. Such caution has broad applicability, given the growing interest in
“gamification” for human-centered Al systems [78].

5.2.3. Physical vs. Virtual Interaction in HRI

There is ongoing debate in the scientific community about the difference between
virtual interaction and physical interaction, not only in HRI but also in fields such as HAI,
CUI, etc. Nevertheless, there is also increasing interest within those fields in “mixed-reality”
platforms that combine the virtual and physical, as well as virtual simulations of physical
interactions for design purposes [27,79,80]. Critically, these approaches can allow us to
more rapidly prototype social interaction scenarios. Such interest was underscored by the
recent, first-ever CUI workshop at the ACM HRI flagship conference in 2023, which drew a
large audience from multiple overlapping scientific fields [81].

One aspect that cannot be ignored, especially when creating conversational agents and
user interfaces that appear through a screen rather than a physical robot (as we did here),
is the importance of non-verbal social cues [82,83]. This obviously leads to the question
of how virtual interaction paradigms can be utilized to design such physical social cues.
There are some examples of this—e.g., Bartneck et al. (2015) looked at using Unity to
visualize and create more realistic movements for social robots [84]. Other researchers have
studied the use of physical haptic feedback as a social cue while users wear a virtual reality
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(VR) headset during a virtual interaction with a physical robot [85], while others have
examined applying general UX design principles of digital interfaces to reimagine physical
interactions as a kind of step-by-step “interface” [86]. Another common area of research is
using VR systems for multi-robot control in human-in-the-loop scenarios, where otherwise
coordinating the actions of multiple robots is quite difficult for a human user [87].

There are also many examples of using virtual interaction as a substitute for physical
interaction during human-robot communication. A common problem in HRI is having
our robot indicate its intent to human users somehow through mainly physical means
(e.g., gaze), leading to some ambiguity that often leaves the human guessing [88]. That
can sometimes be augmented through verbal cues towards specific objects, though the
scalability of such systems remains unclear. However, another avenue is to provide so-
called “mixed reality” interfaces combining virtual reality and other digital interfaces into the
system. We are already seeing some HRI platforms adopt such an approach. For instance,
many robots now include digital interfaces (e.g., screens) that allow us to incorporate
both embodied interaction and virtual interaction on the same platform [89-91]. A great
example of the above is the Furhat, which is a 3D digital image of a face retro-projected
from behind onto a plastic screen made in the shape of a human face, but a virtual image
nonetheless [92,93].

5.3. Limitations

There are a number of limitations to this research, both theoretical and technical, of
which we note a few specific ones here. First, one major limitation is the use of the English
language for comparison. Many studies in psycho-linguistics and cognitive science focus on
comparisons of English versus some second language, but obviously, the linguistic world
is much broader than that, and there may be idiosyncrasies about the English language
that are not representative of all languages [94]. Moreover, given the global popularity
of American pop culture, often even monolingual speakers of another language have
likely been exposed to at least a small amount of English during their lifetime, which is
problematic. Obviously, there are logistical constraints on the number of languages for
which we have access to native L1 speakers in any one geographical location, which was
part of the reason the study here was limited to two languages (Korean and English). Thus,
if we want to expand the number of languages we compare in HRI/HAI research, it will be
necessary to find new ways of doing research, perhaps by using international collaborative
networks of researchers in different locations. We discuss this issue at length in another
paper [22].

Second, there are potentially significant differences between virtual agents and phys-
ical agents when it comes to human interaction, though to what degree is still subject
to debate (see Section 5.2). This topic has been extensively studied in the field of HRI,
including some of our own past work [95,96]. Nevertheless, the experiments described
here should be replicated in the future on a variety of HRI/HAI platforms, both physical
and digital, to compare the consistency of the results. However, there are some techni-
cal challenges in transferring knowledge gained from virtual experiments onto physical
robot platforms, which has been discussed elsewhere [97]. Even simple things like physical
lip-syncing during speech by a robotic face can represent significant engineering challenges.

Third, we note that although the sample sizes used here were judged sufficient as
they were based on the rather large effect sizes (>0.8) observed in our previous studies on
bilingual human-agent conversation [49,57,58,61], there is a need to replicate these findings
on bigger sample sizes for further verification. This exploratory study can hopefully
serve as the groundwork for that from a methodological standpoint. Likewise, some of
our suggestions from Section 5.2.1, such as the comparison of slang use and standard
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use of language, could be investigated during those larger experiments to explore the
socially situated context of how language is used during human verbal behavior in order to
disentangle the interaction of language (i.e., lexicon) and culture.

Finally, there needs to be more exploration into how the appearance of an avatar/robot
might affect speech interactions. There has been some work on this aspect by other
researchers, though not in the exact same context as the experiments here [98,99]. We did
not consider that in this research study because the appearance of the virtual avatar was
purposely fixed so that we could evaluate other factors, though we are currently running
another set of experiments that do vary the physical appearance. Suffice it to say, additional
research is needed.

Author Contributions: Conceptualization, C.C.B., S.YK. and B.W.; Methodology, C.C.B., S.YK.
and B.W.,; Software, Y.-H.B. and J.-H.Y.; Formal analysis, C.C.B., Y.-H.B. and J.-H.Y.; Investigation,
C.C.B,, Y.-H.B. and J.-H.Y.; Writing—original draft, C.C.B.; Writing—review & editing, Y.-H.B. and
J.-H.Y.; Funding acquisition, C.C.B. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was supported by a grant from the National Research Foundation of Korea
(NRF), under grant number 2021R1G1A1003801.

Data Availability Statement: Data used in this study may be available in a de-identified form upon
request from the authors.

Acknowledgments: We thank the anonymous reviewers for their valuable comments about this
paper. We would also like to thank all of our undergraduate research assistants (Hanyang University)
for their assistance in this work.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

Appendix A

This appendix includes several examples of dialogues between the human user and the
artificial agent, including both with and without anticipatory speech. Anticipatory speech
utterances are highlighted in blue, with the predicted scenario indicated in parentheses
in the table caption (when applicable). The dialogues encompass short snippets covering
about 10-15s.

Anticipatory? | Speaker  Utterance

Yes Avatar We need a place to store resources.

Yes Avatar You should gather resources around you.
Player OK, let's go a little more in the southern
Player Get some twigs
Avatar Guess | can make an axe now!

Avatar Let's fight!

Player Alright, I'll be careful

Avatar Crap, I'm being attacked by this (killer bee)!
Player I'm coming to you

Player Well you have already crushed it

Figure A1. Speech dialogue with anticipatory speech (gathering resources).
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Anticipatory? | Speaker Utterance
Player Do you have some food?
Player My health is low so i need to eat something
Avatar Gonna attack that (spider)!
Player Yeah, we should not attack him right now
Player I might have something to attack them later
Avatar Let's finish this off quickly together!
Avatar Aaah, my health is critical!
Avatar Help me fight this thing!
Player Yeah, we should make a campfire (so the monster leaves)
Player Ohh no noicannot, | need some more grass
Avatar Run away!

Figure A2. Speech dialogue without anticipatory speech.

Anticipatory? | Speaker Utterance
Yes Avatar Think there's a monster around. Be careful
Yes Avatar Can you make me an axe?
Player Yes, hold on
Player Let me give you this axe, here
Player Have some petals too
Avatar Think I have plenty of food.
Player The tank. That guy. Ohh
Player Ohh this thing
Avatar Let's get that (spider den)!
Avatar Help me fight this thing!
Avatar Dammit! This (spider) is attacking me.
Player Ok, wait a minute. let me help you. let me help

Figure A3. Speech dialogue with anticipatory speech (fighting monsters).

Anticipatory? | Speaker Utterance
Avatar Let's hunker down for the night.
Player My god, but how to remove the fire?
Player How can you sleep?
Avatar That's better, | hate darkness
Player Well, there is fire everywhere
Avatar Leastit's not pitch black.
Player Ah, but there is fire everywhere
Avatar Feel better now, itis scary when itis dark.
Player Ok, let me sleep
Player | think I should have had something (to eat)
Avatar I need to get more food!
Player Fine, me too
Avatar Let's find some soon
Player Where, where can we find food?

Figure A4. Speech dialogue without anticipatory speech.
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Anticipatory? | Speaker  Utterance
Player Let's go back, to our home

Yes Avatar I found a good place to rest. We could rest here
Avatar Feel better now, itis scary when itis dark.
Player Let's just cook up these eggs here
Player Canyou give me some grass and twigs? Thank you
Player Oh god. We're going insane
Player | can see that
Avatar We should get some sleep.
Avatar Let's cook food and make up for our hunger.
Player Sounds good

Figure A5. Speech dialogue with anticipatory speech (impending night-time, i.e., substantial danger
level increase).

Anticipatory? | Speaker Utterance
Player Okay, i'll give you some petals
Player | agree, let's use the science machine
Player First have to create a science machine
Player Oh, we need gold for that
Player Okay, so tomorrow we'll look for golds
Avatar Ah, another night another day.
Avatar Let's go this way!
Player Let's find some gold
Player Will you slow down? Oh nice (look over there)
Avatar Let's fight! Gonna attack that (spider)!
Avatar Help me out! Aaaaah!
Player Later. Butyou're fine
Player Let's find some gold first

Figure A6. Speech dialogue without anticipatory speech.
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