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Abstract Robot initiative is a central challenge in muilti- whose contributions are conveyed not only through physical
party human-robot collaboration. A robot that contributes action but also through language and dialogue, making them

without being addressed may provide timely support, but it~ 5re yisible as both task support and social behavior [7]
may also disrupt coordination, divide attention, or interrupt ’

turn-taking; a robot that waits to be addressed may preserve [81, [9]. L . .
human control, but it may also miss opportunities to assist. ~ 1he central research question in this work is how a robot

We investigate this design challenge in a collaborative escape should participate in multi-party collaboration: by following
room in which pairs of participants work with a humanoid g reactive interaction style and waiting to be addressed,
robot under either a reactive interaction model, where the or by taking a more proactive role and contributing on its

robot responds only when addressed, or a proactive model, Thi tion is i tigated i llaborati
where it listens continuously, contributes autonomously, and own. This question Is Investigated In a collaborative escape

periodically re-initiates interaction. We evaluate both models r00m scenario in which pairs of participants interact with a
using puzzle-solving performance, interaction frequency, and humanoid robot assistant under time pressure and a shared

participant ratings on the Godspeed and RoSAS scales. The goal, creating repeated opportunities for the robot either to
proactive model substantially increases interaction frequency, wait for explicit requests or to contribute autonomously.

whereas the reactive model shows a descriptively higher overall Speci callv. this stud tive int i del
success rate (92.86% vs. 71.42%). The strongest differences peci cally, this study compares a reactive interaction moadel,

emerge when prior experience and personality are taken into in Which the robot responds only when explicitly addressed,
account: participants with LLM experience solve the early with a proactive model, in which it continuously listens,

puzzles faster in the reactive condition, and participants with  contributes more autonomously, and periodically re-initiates
prior robot experience show modi ed evaluations of proactive  jiaraction. The study assesses how these interaction styles

and reactive interaction as do introverted participants. These ffect task f int fi behavi d ial
ndings demonstrate that the effects of robot initiative are aliect 1ask periormance, Interaction benavior, and socia

simultaneously shaped by users’ prior experience, personality Perception of the robot. In doing so, it provides an empirical
traits and more generally by the needs of the group. comparison of proactive and reactive interaction styles for a
language-enabled robot in a multi-party cooperative human-
robot setting and introduces a collaborative escape room
As robots take on more collaborative roles, their contrisetup for examining the effects of robot initiative in an
butions to an interaction depend on what they do, wheimteraction involving a human pair and a robot.
they act, and how they act [1], [2]. In shared activities,
successful human-robot interaction depends on both joint
task completion and the robot contributing at appropriate Human-robot interaction research increasingly examines
moments without disrupting coordination between partnersobots as tools and collaborative partners whose timing,
These challenges become especially important in multi-pargommunication, and social behavior shape the quality of
settings, where a robot must balance helpfulness with the righint activities. In shared tasks, interaction quality depends
of interrupting or distracting human collaborators [2], [3]. on more than task completion alone; perceived uency,
These coordination demands make robot initiative a centrabordination, and the robot’s ability to participate appropri-
challenge in collaborative human-robot interaction [1], [2]ately in a multi-person interaction are also central to user
A robot that waits to be addressed may preserve humaxperience [1], [2], [3]. The interaction model, therefore
control, but it may also miss opportunities to support thédecomes a key design variable in collaborative scenarios,
task. A robot that contributes on its own may help maintaiespecially when robots must balance helpful initiative with
progress, but it may also interrupt, overstep, or change hawspect for human control.
the interaction is experienced [4], [5], [6]. This tension In addition to behavior, the social perception of these robot
becomes even more apparent for language-enabled robgiartners is also affected by the Uncanny Valley. According
to this theory, the more a robot resembles a human, the
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uncomfortable even at much lower levels of similarity wher i
the robot's appearance and social behavior do not match [1. Fobot
A main aspect of robot behavior in collaborative interac ---- oFind - --
tion is whether the robot takes initiative proactively or re-
sponds reactively. Prior work suggests that proactive suppc -

can assist task progression by anticipating user needs and . .
taking initiative, but its effects are not uniformly positive [5]?'9'9' 1: Puzzle graph of the escape room. Nodes represent

. . . .~ “U'sub-puzzles, an represent their requirements. Green
[12], [13]. Proactive behavior can improve coordination P d edges represe eir requirements. Gree
: . . .—nodes are solved, orange nodes are solvable, and red nodes

and reduce idle time. However, it also alters expectations
. . o are not yet solvable.
regarding autonomy, assistance, and the division of con-

trol [4], [6]. Its value therefore depends on the task context
and users interpretation of it, rather than being universall
bene cial [2], [4], [6]. This is relevant in collaborative team-
based tasks, where timely support should not undermine t

I¥uman-robot interaction research commonly relies on stan-
ﬁiardized perception measures. The Godspeed Question-
Naire Series [23], [24] remains widely used to assess an-
human partner’s sense of agency. . T I . : .
F]hropomorphlsm, animacy, likability, perceived intelligence,

Further work shows that individuals evaluate robots bot nd perceived safety. The Robotic Social Attributes Scale

socially and instrumentally. Social categorization can alrea . . .
shape these perceptions, as robots framed as in-group m )r‘éﬁgsAS) [25] complements these dimensions by focusing

bers are anthropomorphized more strongly and evaluatdPre explicitly on social eva!uations of the robot, particularly
more positively [14]. Robot personality, gaze, facial expreswarmth’ compet.enc.e, anq d!scquort [26]’.[27]' Methodolog-
sion, and conversation style further shape perceived Iikabilit'c,al WOTk alsq highlights .I|m|tat|ons Of. relying on Godspeed

trust, engagement, and performance in interactions [15], [7 lone, including strong inter-correlations among several of

[16]. Personality cues can affect preference and trust, whileS indices, which motivates combining it with complemen-

. . . . ary measures [28]. In our study, combining Godspeed and
facial I - )
gaze and facial expressions in uence collaboration and p?f?oSAS allows us to assess the broad perceptions of the

ceived intelligence [17], [18], [19]. With language-enable . . .
robots, these distinctions become even more important, rOstt’ and the more Spect © S.OC"'."I evalugnons that may vary
robot behavior is expressed through action timing and alsoetween proactive and reactive interaction styles.
through language, dialogue structure, and, in some systems, 1. METHODS
personality-consistent responses [20], [7], [8]. In paralle
LLMs can be grounded in robot capabilities and executab
skills, enabling long-horizon embodied action from natural- 1) Study Design: To study the effect of the robot's
language instructions [9]. These developments suggest thmbactivity model in multi-human social settings, we design
robots are increasingly experienced both as physical teagn escape room experiment for two participants. Partici-
members and as language-enabled social partners. pants are introduced to the escape room scenario and then
Game-based and escape room-like settings provide a ugdaced in a room containing various objects and pieces
ful testbed for studying human-robot interaction under timef furniture. Within a limited time, they have to solve a
pressure, coordination demands, and dialogue-rich collabseries of puzzles distributed throughout the environment.
ration. They have been used to examine engagement ahblis setting simulates a natural social context in which
collaborative dynamics in structured interactive tasks [21]articipants can interact freely with both the robot and each
[16], [22]. Prior research in these settings also examinexher while working toward a shared goal. To encourage
trust, emotion, and interactional cues, including affectiv@atural interaction with the robot, it is introduced as an
in uences on performance and the effects of robot faciahdditional participant that, within the escape room scenario,
expressions and gaze in collaborative interaction [13], [19has access to additional knowledge about the environment.
However, much of this work tends to emphasize eithéProgress through the escape room is tracked by the exper-
performance-related outcomes, including game progress aintenters using a directional graph of the sub-puzzles (see
task success [21], [22], or perceptual and evaluative factofsigure 1). To prevent participants from becoming stuck,
such as trust, affect, and social interaction cues [13], [21hints are periodically provided by an automatic scheduler.
[19]. Comparatively less attention is given to how proactivén exceptional cases, experimenters can also provide manual
and reactive interaction styles shape multiple aspects bints once no further automatic hints are available for the
the interaction, including task progress and completion, theurrent state of the experiment.
number of participant-initiated exchanges, and subjective 2) The Robot: The robot used in this study is the NICO
evaluations of the robot and the overall collaboration exiNeuro-Inspired COmpanion) robot [29], a child-sized hu-
perience. This broader perspective is important because thanoid robot with an expressive LED face and anthropo-
same robot may be experienced simultaneously as a teamorphic hands. The robot embodies a ChatGPT 40 LLM
member in the task, a social actor in the interaction, andtarough a modi ed version of the ELMIRA [20] framework.
conversational interface. It continuously captures participants’ speech using individual
To capture differences in how the robot is perceivedyearable microphones. The captured audio is transcribed into
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English sentences using a Whisper model [30]. These sesequence of four puzzles. An overview of the escape room
tences are then passed to the LLM together with informatiocis shown in Figure 2.

about the identity of the speaker to form its input. The LLM 5) Hypothesis: Based on the characteristics of the two
then produces a list of actions for the robot to performinteraction models, we formulate the following hypothesis:
Available actions include speaking, displaying a specicl) The proactive interaction model leads to more interaction
emotion, pointing, and grasping objects. The robot also halsan the reactive one. 2) Due to the higher possibility of a
actions allowing him to gather additional information. It canproactive robot being perceived as misleading or leading to
use its cameras to take a picture of the environment amdnfusion [12], more extreme outcomes are expected for the
can query its memory about a speci ¢ object. Both of thesproactive robot. 3) Effects of proactive and reactive models
actions produce additional input that is included in the nexdre dependent on prior experiences [31] and personality fac-
call to the LLM. The memory system is implemented as trs [32] such as escape room experience, LLM experience,
dictionary containing object- and concept-speci ¢ informa+obot experience and extraversion.

tion about the room, stored under speci ¢ keywords. When )

the robot queries the memory system, it submits a keywold EXPerimental Procedure

to be searched for. Embeddings of the query and the storedl) Measures: To evaluate this study, we collect both ob-
keywords are computed and compared before the memgpgctive performance metrics and subjective measures derived
system returns the memory associated with the most similliom participants’ responses in pre- and post-experiment
keyword. If the keyword similarity is too low, the memory questionnaires. During the experiment, the time taken to
system instead returns that no relevant memory is found feplve each puzzle, the hints provided to participants, and
the query. the number of interactions participants initiate with the robot

Through this memory system, the robot has on-demantere recorded.
access to environmental information with varying levels of Additional data are obtained through two questionnaires.
usefulness. It is however uninformed as to the escape roohhe pre-experiment questionnaire collects basic demographic
itself and has no innate knowledge of the puzzles, theinformation (age and self-reported gender) as well as open-
progression, or their intended solutions. For example, theess and extraversion personality data using a subset of the
robot may know the name of a painting in the room and som@FI-10 [33]. The post-experiment questionnaire measures
related facts, but it has no built-in knowledge of whetherobot perception using RoSAS and Godspeed, and also
that painting is part of a puzzle. It can, however, still infergathers information about participants’ prior experience with
a possible connection if prompted to retrieve informatiomobots, escape rooms and LLMs. Escape room experience
about the painting and given relevant details about ths measured as the absolute number of prior escape room
puzzle context. When provided with suf cient descriptions participation. Participants are considered experienced if they
the robot is even able to solve puzzles by itself using itekave previously completed at least three escape rooms.
deductive abilities. Both memories and hints are provideBxperience with LLMs and robots is reported on a ve-
directly to the robot as additional inputs to the LLM, alongpoint Likert scale; participants are considered inexperienced
with the corresponding source tag. The robot then transmitisthey respond with one or two, and experienced if they
this information to the participants according to its initialrespond with three to ve. For extraversion, high and low
prompt. extraversion is used based on the median (Mdn = 3:0) of

3) Interaction Models: We implement two separate inthe participants extraversion.
teraction models, which are used interchangeably across2) Conduct of the Experiment: Before entering the escape
experiments to compare the effect of robot proactivity. Theoom, participants complete the pre-experiment questionnaire
rst, referred to as the reactive model, is designed to functioto provide personality and demographic data. These results
similarly to a speech assistant. It responds only to utterancase not used to in uence the rest of the experimental setup.
containing its name and otherwise speaks only to transnifarticipants are then briefed on the scenario and introduced
hints. The second, referred to as the proactive model, listetts the robot, together with a short explanation of how to
and responds to everything said in the room, as if it wermteract with it according to the interaction model assigned
being continuously addressed. In addition, if no interactiom advance. They are here made aware that the robot works
occurs for 90 seconds, the proactive model autonomoushging an LLM. They are not informed that multiple interac-
addresses the participants to ask about their current progréiem models exist. Participants are then left in the room with
and whether it can help. the robot, at which point a 45-minute timer begins.

4) Outline of the Escape Room: The escape room scenarioWhile the experiment is ongoing, progression is continu-
places participants in the role of interns whose supervisausly monitored by experimenters located outside the room
has left for a conference. Having forgotten to submit theiusing a surveillance camera and a microphone, although no
presentation before leaving, the participants are placed in thecordings are made. The experimenters use the puzzle graph
supervisor’'s of ce and tasked with nding, with the help of to track the ow of the game and provide manual hints when
the supervisor's robot assistant NICO, the password neededcessary. The room itself is not locked, and participants can
to unlock the computer and submit the presentation within stop the experiment at any time upon request. After the 45-
60-minute deadline. The escape room is designed as a lingainute timer has run out, participants are offered the option



Fig. 2: Overview of the escape room from A) the back corner and from B) the participant entrance. In Puzzle one (red),
participants arrange CDs distributed across the room (1) into the robot’s startup sequence, as hinted by inscriptions on the
CDs from the board (4). The sequence can be recovered from the robot memory and is also provided automatically after
420 seconds. This puzzle introduces the robot as a source of scenario-speci ¢ knowledge. In Puzzle two (blue), participants
match furniture patterns in the room to a reference sheet (2). Robot use is not required beyond optional hints, making this
puzzle a baseline for interaction when assistance is unnecessary. This puzzle leads through the shelf (3) to the opening of
the board (4). In Puzzle three (green), participants identify robots placed around the room by name, either by asking NICO
or by using written descriptions from the board (4). This puzzle assesses willingness to rely on the robot when alternative
information sources are available. In Puzzle four (purple), the password is encoded in a book using a page-line-word-letter
scheme (5). Participants are expected to identify the correct book by asking for the supervisor’s favorite book, although the
answer is also sent automatically after 640 seconds and can also be inferred from the book’s placement and singular topic.
The nal password is then entered on the computer (6), also used through the experiment to display the remaining time.
The NICO robot C) is located in a reserved area (right of B)).

to continue for an additional 15 minutes if some puzzles have IV. RESULTS
not yet been fully solved. They can also choose to stop the
experiment at that point. We rst assess the robot perception measures and the

Aft leti h dl ¢ objective performance measures described in Section 111-B.1
er completing the escape room, regardiess o succeagmg Welch’s t-tests. As expected our rst hypothesis holds,

or failure, participants are asked to complete the postqfs there is a signi cant difference in the number of inter-

experiment questionnaire to evaluate their interaction expeg—ctions (p < :001) between the reactive interaction model

ence with the robot during the study. The experimenters th M = 29:07:SD = 12:59) and the proactive interaction
conduct a nal exchange to answer participants’ questio%odel (M _ 97'86'85 =21:35). However, there are no
about the escape room and the robot. signi cant differences between the interaction models for the
robot perception measures from Godspeed and RoSAS or for

3) Participants: A total of 60 participants took part in the L . ) }
: ; ) . the objective performance measures. By using Fisher’'s exact
study. All experiments were conducted in English and carrie S o
est a non-signi cant trend (p = :077) toward a lower success

QUt in pairs, with the robpt Serving as an additional mt_eracrate in the proactive condition (71:42%) than in the reactive
tion partner. After excluding incomplete data, 56 participant” _ . . )

. . . . ndition (92:86%) can be observed.
records were included in the analysis, corresponding to

pairs. Condition assignment was performed in advance at th The Fligner Killeen test is used to test the second hypoth-

pair level, resulting in 14 pairs in the proactive condition andS's .by assessing the d|ffergnces n vanance_betwgen the
two interaction models. Signi cant differences in variance

emerge for the time participants need to solve some of the
In the recruited sample, 18 participants self-identi ed apuzzles, as well as for several robot perception measures. As
women, 37 as men, 2 as diverse, and 3 preferred not iltustrated in Figure 3, a signi cant difference in variance is
disclose their gender. Participants ranged in age from X#hserved for the time required to solve Puzzle four between
to 55 years (M = 28:07;SD = 14:40). All participants the reactive model (M = 654:28;SD = 353:99) and the
provided informed consent prior to the study. The experimemtroactive model (M = 463:48;SD = 175:21). We also
was conducted in accordance with the Ethics Commission a@fentify signi cant differences in variance for the Godspeed
the Department of Informatics at the University of Hamburgmeasures Animacy and Likeability, as shown in Figure 4. For

14 pairs in the reactive condition.



Fig. 3: Timeline of the escape room, showing puzzle-solvingig. 4: Godspeed and RoSAS scores for the proactive and

times by interaction model. Box plots indicate the distribureactive interaction models. Box plots indicate the distribu-

tion of solving times for each puzzle, and red dashed linason of each measure for the proactive and reactive models,

mark the mean solving time. Reported values indicate Respectively, and red dashed lines mark the mean for each

values, *p <:05, **p < :001. model. Reported values indicate p-values, *p < :05, **p <
:001.

Animacy, the reactive interaction model shows signi cantly

higher variance (p = :028;M = 2:86;SD = 0:88) than the proactive model (M = 6:38;SD = 1:02) than for the
the proactive model (M = 3:21;SD = 0:55). Similarly, reactive model (M = 5:41;SD = 1:61) in this group. By
for Likeability, the reactive model (M = 4:03;SD = 0:72) contrast, participants with prior escape room experience rate
displays signi cantly higher variance (p = :032) than thethe reactive model (M = 4:29;SD = 0:53) signi cantly
proactive model (M = 3:89;SD = 0:47). Across both higher in Likeability (p = :034;d = 1:18) than the proactive
interaction models, the RoOSAS measures Warmth, Compiiteraction model (M = 3:68; SD = 0:50).

tence, and Discomfort also show generally high variance.

Thus, despite the proactive interaction model displaying 8. LLM Experience

high variance, said variance is not signi cantly higher than pased on the guestionnaire, we classify 42 participants
the variance of the reactive model, refuting our secongg experienced with LLMs (reactive: n = 19, proactive:
hypothesis. n = 23) and 14 as inexperienced (reactive: n = 9, proactive:
To further explore our third hypothesis, we account fop = 5). Given the small sample size of participants without
four confounding variables: prior escape room, LLM and | M experience, we identify only one signi cant difference
robot experiences and extraversion. No correlation is foungd this group: Anthropomorphism (p = :040;d = 1:06)
among these experience variables, and we therefore tregiich rated higher when paired with the proactive model
them as independent within the context of this study. Alfm = 2:76; SD = 0:33) as opposed to the reactive model
conditioned results are assessed using Welch's t-tests a@qi = 2:13;SD = 0:69). For participants with LLM
effect sizes computed with Cohen’s d if not stated otherwisg.xperience, we observe several signicant differences in
) puzzle-solving time. This group shows signi cantly faster
A. Escape Room Experience solving times for Puzzle one with the reactive model (p =
The following results are reported for 39 participants036;d = 0:66;M = 775:69; SD = 199:37) than with the
without prior escape room experience, of whom 21 are iproactive model (M = 921:84;SD = 238:08). For Puzzle
the reactive condition and 18 are in the proactive conditioiwo, solving time is also signi cantly lower with the reactive
Among participants with prior escape room experience, fhteraction model (p < :001;d = 1:25;M = 581:45;SD =
are in the reactive condition and 10 are in the proactivé78:30) than with the proactive model (M = 905:67,SD =
condition. 298:90). By contrast, for Puzzle four, the proactive model
Participants without prior escape room experience sho{ = 454:95;SD = 159:3) results in signi cantly lower
a signi cantly shorter time for solving Puzzle four (p = solving times (p = :034;d = 0:71) than the reactive model
:017;d = 0:81) when paired with the proactive model (M = (M = 665:57,SD = 368:19) for participants with LLM
445:54;SD = 180:71) than with the reactive model (M = experience.
700:33; SD = 367:30). In addition, signi cant differences ,
emerge in robot perception. Participants without prior escage R0POt Experience
room experience rate the proactive model (M = 3:20; SD = We classify 36 participants as experienced with robots
0:58) signi cantly higher in Animacy (p = :028;d = (reactive: n = 16, proactive: n = 20) and 20 as inexperi-
0:72) than the reactive model (M = 2:71;SD = 0:74). enced (reactive: n = 12, proactive: n = 8). Among partic-
Competence is also rated higher (p = :028;d = 0:71) foripants with prior robot experience, we observe a signi cant



difference in the time needed to solve Puzzle three (p =
:002;d = 1:42), with faster performance in the proactive
condition (M = 247:01; SD = 75:19) than in the reactive
condition (M =598:71; SD = 302:98).

The largest differences for both groups, however, appear
in robot perception. As shown in Figure 5a, participants
with prior robot experience rate the reactive model (M =
3:70; SD = 0:79) signi cantly higher in perceived intelli-
gence than the proactive model (M = 2:95;SD = 0:58).
By contrast, participants without prior robot experience
report higher Competence for the proactive model (M =
7:67;SD = 0:97) than for the reactive model (M =
5:19; SD = 1:61), as illustrated in Figure 5b. They also rate
the proactive model as higher in Animacy (M = 3:26; SD = @
0:54) than the reactive model (M = 2:60; SD = 0:81). In
addition, participants without prior robot experience report
signi cantly greater Discomfort with the reactive model
(M = 3:44;SD = 1:16) than with the proactive model
(M = 2:59;SD = 0:83). When using Student’s t-test an
additional signi cance (p =:023;d = 1:13) can be identi ed
for Discomfort for participants with robot experience, as they
rate the proactive model (M = 3:52; SD = 1:75) higher than
the reactive (M = 2:13;SD = 0:73).

D. Extraversion

Thirty participants are classi ed as extroverted based on
their responses to the subset of BFI-10 items. Of these, (b)
12 are paired with the proactive interaction model and 18
with the reactive model. Twenty-six participants are classi edig. 5: Godspeed and RoSAS scores for the proactive and
as introverted (reactive: n = 10, proactive: n = 16). reactive interaction models for participants with prior robot
Participants classi ed as introverted are signi cantly faste€Xperience (a) and without prior robot experience (b). Re-
in solving Puzzle two when paired with the reactive modeported values indicate p-values, *p <:05, **p <:001.
(p = :023;d = 0:93;M = 611:13;SD = 192:63) than
when paired with the proactive model (M = 841:12;SD =

273:53). They are, however, signi cantly faster on Puzzle L .
four with the proactive interaction model (p = :022;d = 1) LLM adapted communication: The robot being con-

1:16;M = 469:0;SD = 176:89) than with the reactive rolled by an LLM, one would expect that LLM experience
model (M = 795:06; SD = 357:34). would lead to easier interactions with the robot and there-
’ fore faster information recovery and thus solving time. As

ef<pected, LLM experienced participants report a signi cantly
faster solving time on Puzzle one and two, but only when
T T . paired with the reactive model instead of the proactive.
Elp52_ S'glz’ 1d:7§). ht?nxﬁ; ’ tzstr(r)iz(r:tuevde prz?rct)i?:ier!ag\t/ls rateNOtably' the solving time with the reactive robot is also faster

e reacive model (1 = 303 SD - 0:68) s s cary 121107 LLM eXpeences partclonts regardess ohe
higher in perceived Intelligence (p = :042;d = 0:76) than ' P

the proactive model (M = 3:35; SD = 0:55). They also rate strlklng_factors. F|r§t, the increase in performance is only
; o T - seen with the reactive robot, thus showing that the effect is
the reactive model (M = 4:14;SD = 0:69) signi cantly . . .
. e . . A 7 related to the interactions with the robot. It would seem that
higher in Likeability (p = :047;d = 0:70) than the proactive . : . .
. . i o LLM-experience leads to more ef cient robot interactions,
interaction model (M = 3:73; SD = 0:39). S .
but only when said interactions are fully controlled by the
participants. Second, the effect is also seen on Puzzle two,
the puzzle for which the robot has notably no additional
These results showcase various effects of robot interactitmowledge to provide. This indicates that these efcient
model on performance and robot perception metrics. Thegteractions would allow not only to get easier access to the
are notably all dependent on the studied compounding vatit M knowledge, hence better performance in Puzzle one,
ables of robot, LLM and escape-room experience as well &t also to better use the deductive reasoning abilities of
extraversion, thus following our third hypothesis. the LLM, the only ability capable of helping the participants

In addition, we observe signi cant differences in robot
perception. Introverted participants rate the proactive mod
(M =6:13; SD = 1:07) signi cantly higher in Competence

V. DISCUSSION



in Puzzle two. This suggests that LLM experience mighin the context of a collaborative escape room with a robot,
translate into the adoption of a singular communication stylee distinguish participants who may be uncomfortable with
with the robot that allows better usage of the LLM’s abilitiesthe situation, participants that have no robot or escape
The gain in effectiveness from this communication styleoom experience and introverted participants, opposed to
would however be lost with the proactive robot, as it picks uparticipants that would be comfortable with it, participants
on inter-human communication. The human-robot and robotvith robot or escape room experience and extroverted par-
robot communication patterns would therefore be differertcipants. Uncomfortable participants seem to generally favor
and incompatible with one another, potentially complicatinghe proactive robot over the reactive one. They all rate the
the acceptance of the robot in a group of humans. proactive robot higher in Competence, while participants
Inversely, slower performances are observed for LLMwith no robot or escape room experience rate it also higher
experienced participants with the reactive robot on the fourtih Animacy and non-robot-experienced participants display
puzzle. We however argue that this effect is caused by lawer discomfort with it than with the reactive robot. Partic-
selection bias. Participants with either no LLM experiencéants with no LLM experience, which could also be added
or the proactive robot need more time for the rst puzzlesin this group, notably also rate the proactive robot higher
Therefore, only the best groups of these conditions managed Anthropomorphism. Uncomfortable participants would
to reach and solve the fourth puzzle in the allowed time, thubterefore show appreciation for a proactive gure like the
skewing the results toward lower times. proactive robot, standing up and leading the conversation and
2) Knowledge con rmation: The third puzzle being en-investigation, thus appearing as more human and competent
tirely based around identifying certain robots in the roonthan its reactive counterpart.
; one would expect robot-experienced participants to report In contrast, participants comfortable with the situation tend
signi cantly better performance on this puzzle. However, thigo favor the reactive robot. Extroverted and robot-experienced
trend is not observed in general, but instead only when sagarticipants rate the reactive robot as more Intelligent, extro-
robot-experienced participants are paired with the proactiweerted and escape-room-experienced participants rate it as
robot. Since the main difference is that the robot listens whemore Likeable, and robot-experienced participants display
not addressed, it therefore seems that robot experience leéalser discomfort with it. This would show an inverse effect
the participants to try to solve the puzzle without the robot’svhere con dent participants would prefer a more docile
help. The lack of performance increase with the reactivand following robot interaction model like the reactive one.
robot suggests that this strategy is generally inconclusivblotably, the shift from characterizing the robot as Competent
Instead, the proactive model forcing the exchange of prée Intelligent translates this shift in expectation, similarly to
existing knowledge with the robot leads to better usage dhe Discomfort shift effect.
said knowledge through con rmation by the robot, and thus These observations expose an effect wherein participants
better performances with the proactive model. prefer interacting with a robot that completes their own
3) Discomfort shift: The Discomfort rating of robot- experience. If they are comfortable with the situation, they
experienced and non-robot-experienced participants displaigvor a passive robot that only gives information when
an inversion, where the former prefer the reactive andrompted about them. If the situation is uncomfortable, they
the latter the proactive robot. Participants with no roboivould rather interact with a more proactive robot that will
experience rate the proactive robot as higher in Animaayuide them and give opinions and ideas.
and Competence while robot-experienced participants rate
the reactive robot higher in Intelligence. While Competence
and Intelligence are very similar, they display variation in In this work, we conducted escape room-based human-
that RoOSAS’s Competence asks for responsiveness and retibot interaction experiments in a multi-human social setting.
ability while Godspeed’s Intelligence asks for responsibilitfWe compared proactive and reactive interaction models and
and sensibility. The Intelligence of the reactive robot igound that both preferences and performances are strongly
therefore more aligned with pure performance on a giveim uenced by participants’ prior experience, both with the
task, as opposed to the initiative and communication abilitigask and with the robot's underlying technology, as well
highlighted by the proactive model's Competence. Thesas personality traits like extraversion. Our ndings offer
shifts in both comfort and perceived type of intelligenceauseful insights into the integration of robots in social settings.
could hint at some form of uncanny valley effect [10]. TheThey suggest that current limitations of LLM-based systems
robot-experienced participants would see the robot as lessmy encourage users to adopt interaction patterns that differ
human-like and prefer therefore a reactive, more controllabfeom more natural human-human communication, thereby
robot that falls under the valley phenomenon. Meanwhilegomplicating the robot's acceptance as an in-group social
inexperienced participants would see the robot as mopartner. Simultaneously, this observation may partly re ect
human-like, as seen from the Animacy, and therefore preféne use of ChatGPT 40, a general-purpose model designed
a proactive, more sentient-feeling robot standing above tht only for human-like interaction but also for tasks such as
valley window. programming and summarization, where human-like conver-
4) Heterogeneity preference: Comparing robot perceptiosational behavior is not always the primary objective. This
metrics reveals a global trend between two subpopulationsading would therefore bene t from further study using a

VI. CONCLUSION



specialized LLM designed explicitly for embodied human{17]
robot interaction. Our main nding revolves around robot
perception and shows that designing robots that integrate
smoothly into social settings is complicated by the factis]
that users bring different expectations depending on their
familiarity with the situation and the technology. The robot’s
social image is tied to the role it is expected to Il in
the social group and therefore depends on the needs [&f]
said group. Preferred interaction characteristics are therefore
dependent on the traits and roles already exhibited by the
group, along with the circumstance-based competences dR8i
experience.
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