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Do you know that this painting, "The Scream," is a composition created by Norwegian artist Edvard
Munch in 18932 Munch's work had a formative influence on the Expressionist movement!

That's interesting, I've seen this painting before but
didn't know about the background. Can you work on

the edge pieces first?

Figure 1: A participant solving a jigsaw puzzle with a virtual agent while conversing about the art piece in an immersive

environment.

Abstract

Intelligence and knowledgeability are sometimes treated inter-
changeably in virtual agents, yet they shape interaction in different
ways. We disentangled these traits and tested how each drives hu-
man perceptions and interaction in virtual reality (VR). To address
the lack of prior research examining both traits simultaneously, we
created a VR application where participants collaborated with a
virtual agent to complete a jigsaw puzzle while engaging in free-
flowing conversation about the puzzle’s art piece. We manipulated
intelligence through the virtual agent’s puzzle-solving ability and
knowledgeability through its predefined depth of knowledge in
art. Using a 2 X 2 within-group study, we collected perceptual re-
sponses, logged data, and qualitative feedback. Results showed
intelligence significantly influenced perceptions of intelligence,
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knowledge, rapport, trust, co-presence, uncanny valley, and intel-
ligence and knowledge comparisons, while knowledgeability im-
pacted perceived knowledge, trust, and intelligence and knowledge
comparisons. Interaction effects further highlighted their interde-
pendence, offering design implications for virtual agents.
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1 Introduction

According to Merriam-Webster’s Dictionary, knowledge' is “the fact
or condition of knowing something with familiarity gained through
experience or association,” but this does not automatically equate to
intelligence,? which is “the ability to learn or understand or to deal
with new or trying situations.” These definitions highlight a cru-
cial distinction: knowledge refers to the possession of information,
while intelligence encompasses the ability to apply knowledge ef-
fectively in varying contexts and even in resource-scarce situations
when knowledge is limited. From a neuroscience perspective, intelli-
gence relies on efficient integration between the frontal and parietal
brain regions, especially in the multiple-demand system [12, 35].
Knowledge mainly depends on storing and retrieving information
through sensory brain regions [47] and semantic hubs in the tempo-
ral lobes [81]. Coane et al. [30] addressed that canonical theories on
human intelligence and knowledge are interconnected yet usually
studied separately. Here, we propose that understanding the dis-
tinctions between intelligence and knowledge can help inform the
modeling of cognitive capabilities in virtual agents. Thus, designing
virtual agents where knowledge and intelligence are dynamically
integrated becomes essential to enable meaningful and efficient
interactions.

Over the past years, significant efforts have been directed toward
developing virtual agents that act intelligently: agents capable of
social adaptation, collaboration, and making decisions in complex
environments [75]. According to Badler et al. [11], intelligent virtual
agents employ human modalities, such as behaviors or speech,
to interact with humans. To understand how humans perceive
the intelligence of virtual agents, as well as their impacts on user
experience (e.g., trust and rapport), researchers have investigated
several design components, such as appearance [42, 63], voice [23,
36], personality [25, 116], or behavior [28]. Moreover, extended
reality (XR) technology with immersive capability also provides an
opportunity to investigate human interaction with embodied virtual
agents under situated scenarios that require manipulation of virtual
objects and dynamic social interaction, such as co-solving a jigsaw
puzzle and conversing [51, 111]. Regarding embodied virtual agents
in XR, several studies have reported their impacts on immersive
experiences and user behaviors, including co-presence [49, 113],
realism [27, 103], and locomotion [60, 73].

Nowadays, with the advent of generative artificial intelligence
(GenAl) and, more specifically, large language models (LLMs), vir-
tual agents are becoming increasingly knowledgeable. LLMs enable
agents to access and utilize vast information repositories, enhancing
their ability to engage in sophisticated dialogues and provide con-
textually relevant insights [62]. Regarding embodied conversational
agents (ECAs), researchers have explored several use cases [40, 76],
as well as the impact of ECAs on human perception and user expe-
riences [87, 111]. Particularly, several studies have focused on their
role in delivering knowledge, such as that of instructors [24, 98, 114]
or curators [43, 55, 107].

However, the interaction between knowledge and intelligence in
virtual agents remains underexplored. Gaining insight into this rela-
tionship is crucial for developing agents that can effectively connect

https://www.merriam-webster.com/dictionary/knowledge
Zhttps://www.merriam-webster.com/dictionary/intelligence

Yang et al.

with humans through free-flow conversation and contribute mean-
ingfully to shared goals in collaboration settings. Thus, in this study,
we explore the interaction between a virtual agent’s intelligence
and knowledgeability, and unveil how these traits shape human
perceptions. Such understanding is essential for creating virtual
agents that support more effective human-agent interactions.

For this study, we developed a virtual reality (VR) jigsaw puz-
zle experience (see Figure 1), allowing our participants to collab-
orate while conversing with a virtual agent. Several studies have
employed jigsaw puzzles to enforce collaboration [19, 27, 83, 92].
According to Fissler et al. [39], solving such puzzles requires mul-
tiple cognitive skills, including perception of patterns and shapes,
integration of visual and motor cues, and flexibility in strategy
shifting, which are often associated with intelligence. Building on
these studies and prior work by Choi et al. [27], we chose to rep-
resent the agent’s intelligence level through its ability to solve a
jigsaw puzzle. As for the design of agent knowledgeability, we
drew on Yang et al’s [112] work as a foundation, replicating agents’
domain knowledge in art through prompt engineering with LLM
integration. Rather than emphasizing task-oriented knowledge for
co-solving the puzzle (e.g., information such as the color palette
of the puzzle pieces, or whether a piece belongs to the corners or
the edges), our approach centers on the agents’ domain-specific
knowledge of the puzzle art piece. We deliberately designed agent
knowledgeability to be independent of the puzzle-solving task so
that it remains disentangled from the agent’s task performance,
enabling a clearer examination of the main effects of intelligence
and knowledgeability, as well as their interaction.

In our 2 X 2 within-group study, we designed the virtual agents
to vary along two independent variables: low vs. high intelligence
(i.e., the ability to solve the jigsaw puzzle correctly) and low vs. high
knowledgeability (i.e., the depth of knowledge in art). Our design
allowed us to explore how different combinations of cognitive traits
in virtual agents influence human-agent interaction. We aim to
answer several research questions under four overarching topics:

e Perceived Intelligence and Knowledge (RQ1): How do
the virtual agent’s intelligence and knowledgeability affect
participants’ perceptions of the agent’s intelligence (RQ1-1)
and knowledge (RQ1-2), as well as their intelligence (RQ1-3)
and knowledge (RQ1-4) comparisons?
Social and Emotional Experiences (RQ2): How do the
virtual agent’s intelligence and knowledgeability affect par-
ticipants’ sense of co-presence (RQ2-1), perceptions of the
uncanny valley (RQ2-2), rapport (RQ2-3), and trust (RQ2-4)
with the agent?
Interaction Dynamics (RQ3): How do the virtual agent’s
intelligence and knowledgeability affect the total time spent
completing the puzzle (RQ3-1), the number of puzzle pieces
completed by the participant (RQ3-2), and participants’
dwell gaze distribution during the jigsaw puzzle co-solving
task (RQ3-3)?
e Conversational Dynamics (RQ4): How do the virtual
agent’s intelligence and knowledgeability affect participants’
response content in interactions with the agent (RQ4-1)?

We organize our paper as follows. In Section 2, we discuss re-
lated works. In Section 3, we detail our research methodology. In
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Section 4, we present our research results. In Section 5, we discuss
our findings, propose design considerations for agent intelligence
and knowledgeability, and list our study limitations. Finally, in Sec-
tion 6, we conclude our research and provide direction for future
work.

2 Related Work

2.1 Human Intelligence and Knowledge

Human intelligence and knowledge are distinct yet interrelated.
Several psychological models of human intelligence have been
developed over the years. Here, we discuss the variety of ways
intelligence has been defined historically and situate our study
within broader discussions of cognitive functioning.

Human intelligence often refers to thinking critically, solving
novel problems, learning, and adapting to changing environments
through reasoning and cognitive flexibility [32, 35, 110], which is
also denoted as fluid intelligence [21]. Spearman [100] defined a
so-called “g-factor” that measures general intelligence in humans,
regulating an individual’s ability to handle the difficulty level in
performing induction, reasoning, visualization, or language com-
prehension [32]. In the past decades, psychologists have developed
numerous tests to standardize the measurements of human intelli-
gence [37]. Moreover, researchers also attempt to structure theories
of human intelligence. In the Frames of Mind: The Theory of Multiple
Intelligences [44] book, Gardner challenges the traditional view of
measuring human intelligence by a single measurable ability, such
as the intelligence quotient (IQ) tests, and proposes that humans
possess multiple distinct intelligences. He introduced seven types
of intelligence: linguistic, logical-mathematical, musical, bodily-
kinesthetic, spatial, interpersonal, and intrapersonal intelligence,
each associated with different brain regions. However, critics have
also been published to question the empirical basis and testability
of Gardner’s framework. For example, Waterhouse [109] mentioned
that there is no convincing neuroscientific or psychometric evidence
supporting the independence of the proposed intelligences. Water-
house argues that empirical studies consistently show substantial
correlations among cognitive abilities, suggesting the presence of
a general intelligence factor rather than distinct, modular intelli-
gences. It is worth noting that neuroscience studies have provided
empirical evidence on how distinct brain areas contribute to differ-
ent cognitive functions. The prefrontal cortex supports cognitive
control, orchestrating thoughts and actions and mapping between
inputs and outputs to perform a given task or achieve a goal [69]. Re-
garding spatial intelligence, the posterior parietal cortex is essential
in integrating sensory information and processing environmental
cues [18].

However, human knowledgeability refers to the capability to
process a large number of stored facts, information, and learning
experiences [65, 81]. Accumulative knowledge is usually tied to
crystallized intelligence, where crystallized intelligence refers to
the ability to use the acquired knowledge, and knowledge itself
represents the informational content gained and learned through
past events [16, 21]. Ackerman’s intelligence-as-process, personal-
ity, interests, intelligence-as-knowledge (PPIK) theory claims that
intelligence-as-knowledge is accumulated by the intelligence-as-
process through learning [1]. Russell’s book Human Knowledge: Its
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Scope and Limits [90] provided a comprehensive philosophical ex-
ploration of how humans acquire, justify, and structure knowledge.
Russel’s work emphasized the uncertainty of human knowledge
and argued that most knowledge relies on probabilistic inference.
Anderson [5] concluded the three origins of human knowledge:
Nativism (i.e., knowledge we are born with), Empiricism (i.e, knowl-
edge planted in our mind through experience), and Rationalism
(i.e., knowledge we derive through reasoning), and argued that
human knowledge is formed through a complex learning, experi-
ence, memorizing, and reasoning process. Orlikowski [77] used the
metaphor of scaffolding to describe human knowledgeability, high-
lighting how humans rely on tools, spaces, or technology to learn
and generate knowledge in everyday practice. From a neuroscience
perspective, like intelligence, knowledge is associated with multi-
ple brain regions, especially when tied to memory. For instance,
semantic memory, which often refers to our general knowledge and
understanding of the world, primarily involves the temporal and
parietal lobes [67]. Whereas declarative memory, which is related
to our acquired facts, often depends on the hippocampus in the
medial temporal lobe [13].

2.2 Virtual Agent Intelligence and Knowledge

Although prior neuroscientific research provides foundations on
how intelligence and knowledge operate in humans, mapping such
constructs onto virtual agents is far from straightforward and can be
complicated in numerous aspects. Norouzi et al. [75] reviewed past
research on intelligent virtual agents (IVAs), focusing on enhancing
human-like qualities, including verbal and nonverbal behaviors,
appearance, identity, and goal-oriented performance. Virtual agent
intelligence could be demonstrated through its ability to understand
user commands, perform tasks correctly, or adapt to user prefer-
ences. Azaria et al. [10] presented an instructable intelligent agent
that allowed users to instruct and set commands directly through
natural language. Gella et al. [45] focused on improving agents’ abil-
ity to accomplish tasks from a wide range of users through natural
language by training models on a large-scale task-oriented dia-
log dataset. Ranjbartabar et al. [85] exhibited how IVAs can adapt
to students’ preferences of their personalities, emotional states,
and characteristics, enabling a more effective emotional support
interaction to reduce study stress.

Knowledgeability in virtual agents has become an emerging area
of research, seeking methods to enhance agents’ ability to deliver
informative and contextually adaptive responses. With the advance-
ment of artificial neural networks, we noticed a trend of incorpo-
rating knowledge in virtual agents. Petroni et al. [82] highlighted
the potential of using language models (LMs) as an open-domain
question answering (QA) system, similar to knowledge bases (KBs),
because of their ability to retrieve factual information without su-
pervised fine-tuning. AlKhamissi et al’s [4] review indicated that
LMs pre-trained on massive web data had been shown to comprise
implicit knowledge in diverse domains. Ngai et al. [74] proposed
a knowledge-based conversational agent that supports customer
services for e-commerce with an integrated KB. Yang et al. [112]
utilized an LLM model to develop a conversational virtual agent rep-
resenting a professor during office hours and evaluated participants’
perceived knowledge of the virtual agent.
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2.3 Collaborative Agent

According to Scoular et al. [95], the Australian Council for Educa-
tional Research defined collaboration as “the capacity of an individ-
ual to contribute effectively in a group,” highlighting the importance
of participation, communication, and roles. In addition, Bellamy
et al. [15] stated that human-agent collaboration requires mutual
goal understanding between humans and agents, as well as the
trustworthiness of agents.

Building on these perspectives, researchers have explored how
to design collaborative agents to be perceived as understanding
mutual goals and being trustworthy. Rickel and Johnson [88] fo-
cused on the task as a key factor in human-agent collaboration.
They implemented task-oriented dialogues into agents to enable col-
laboration with humans in a virtual environment and highlighted
the role of nonverbal communication, such as gaze or gesture, in
collaborative agent design. Likewise, Andrist et al. [6] presented a
gaze model for virtual agents and reported that it reduced partic-
ipants’ mistakes. Terzidou and Tsiatsos [105] emphasized agents’
awareness of interactions as a key function of collaboration, and
Choi et al. [26] found that participants reported higher perceived
collaboration when working with more intelligent virtual agents.

Regarding the trustworthiness of agents, several researchers
have focused on agent errors. Darnnat [33] compared inaction and
intended mistakes, reporting that intended mistakes negatively
impacted trustworthiness. Similarly, Choi et al. [28] examined the
effect of agents’ self-correction behaviors on human trust during
collaborative tasks. They stated that even if agents corrected their
own mistakes, the broken trust could not be fully restored.

2.4 Embodied Conversational Agents

Cassell [20] defined an ECA as a human-like interface capable of
conveying information through multiple modalities, such as voice
and gestures. ECAs are designed for dialogue-based interactions us-
ing verbal and non-verbal methods, offering a natural and socially
realistic experience between humans and agents. Recent studies
have explored ECA adoption in various contexts, including educa-
tion, healthcare, e-commerce, and social interaction. For example,
Sebastian et al. [96] designed an ECA for education on the eating
disorder Anorexia Nervosa, aiming to support behavior change and
improve health-related decision-making. Ayedoun et al’s [9] work
evaluated patients’ acceptance of ECAs for type 2 diabetes self-
management, highlighting the importance of friendly, nonjudgmen-
tal, and motivational traits in healthcare ECAs. Nelekar et al. [72]
studied ECA effectiveness in managing academic stress among uni-
versity students during the pandemic, showing that belief-based and
goal-based conversations on study tips helped reduce stress. Loveys
et al. [64] conducted a qualitative study on emotional support and
closeness with ECAs, suggesting that companion ECAs should ex-
hibit rapport-building behaviors, human-like facial features, and
be error-free.

While past studies showed the effectiveness of ECAs in various
areas, most were developed for conventional devices like desktops,
tablets, or phones. With advancements in XR technologies, more
ECA research is emerging in immersive environments using head-
mounted displays (HMDs). XR enables broader ECA adoption and
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offers creative solutions for training, touring, and therapeutic pur-
poses. For example, Hassan et al. [52] developed a VR simulation
to train police and child protection workers through conversations
with ECAs representing maltreated children. Slater et al. [99] ex-
plored self-counseling through conversations with participants’
virtual doppelgingers in VR, presenting a potential strategy for
therapeutic use of ECAs. In addition, Yang et al’s [111] review re-
vealed an increase in the adoption of neural-based conversational
systems utilizing LLM technologies for XR embodied conversational
agents in recent years. For instance, Wang et al. [108] proposed a
LLM-powered VR museum guide that uses multimodal feedback to
offer personalized touring.

2.5 Contribution

Our work builds on prior research on virtual agent intelligence
and knowledgeability, as well as research on collaborative and
embodied conversational agents. Our research offers insight into
the underexplored area of combining virtual agents’ intelligence
and knowledgeability in situated collaborative settings. It further
examines the impact of this combination on various ratings and
measurements. Moreover, it highlights human perceptions of agents
with dual cognitive capabilities, offering researchers and practition-
ers a new perspective for developing next-generation IVAs. This
paper includes: (1) a detailed walkthrough of our VR application,
(2) results from a 2 x 2 within-group study, (3) a discussion of the
findings, and (4) insights for future development focusing on agents’
intelligence and knowledgeability.

3 Methodology
3.1 Participants

We conducted an a priori power analysis with the G*Power v.3.1
software [38] to estimate the required sample size for our study.
With one group and four (2 X 2) repeated measures, a medium
effect size of f = .25 [31], and an @ = .05, the analysis suggested
a minimum sample size of 24 participants to achieve 80% power
(1 — B error probability). With approval from our university’s In-
stitutional Review Board (IRB), we advertised our study on our
university’s campus via flyers, class announcements, and emails.
We recruited 24 participants (11 female, 13 male; age: M = 26.79,
SD = 4.15), all of whom were either undergraduate or graduate
students. Participants volunteered for the study and did not receive
any form of compensation. We collected participants’ self-reported
ratings on a 5-point Likert scale on their experience in VR ap-
plications, interacting with virtual agents, and using LLM-based
conversational tools (1: Have no experience at all, 5: Have exten-
sive experience). Participants’ experience with VR applications was
moderate (M = 3.63, SD = 1.53), and so was their experience with
virtual agents (M = 3.29, SD = 1.60). Their reported ratings of ex-
perience with LLM-based conversational tools, such as ChatGPT;?
were slightly higher (M = 4.46, SD = .78).

3.2 Implementation

3.2.1 Application Overview. We developed our VR application us-
ing the Unity game engine version 2020.3.20f1 and the Meta Quest 2

Shttps://openai.com/chatgpt/overview/
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Figure 2: Our system provided participants with immersive experiences in co-solving a jigsaw puzzle through a VR headset.
Through third-party APIs, participants could have verbal conversations with a virtual agent. Our system utilized a custom
algorithm and prompt engineering to control the intelligence and knowledgeability levels of the virtual agent, respectively.

HMD device. We conducted the user study by running the applica-
tion through Quest Link on a PC with an Intel i7 processor, 32GB
RAM, and an NVIDIA GeForce RTX 2080 graphics card.

Our VR application was designed to provide an immersive puzzle-
solving experience and enable conversation with a virtual agent. To
do so, we created a virtual living room where participants interact
with the virtual agent. We placed our designated 25 (5 X 5) puzzle
pieces on the table and allowed the participants to pick up and place
them using VR controllers. Specifically, our designated puzzle was
a pictorial jigsaw puzzle that included puzzle pieces with irregular
shapes [66]. Regarding the virtual agent, we utilized a female one
from Microsoft’s Rocketbox library [106] and placed it on the right
side of the participants to enhance social interaction [80].

Our system utilized several third-party APIs, including the Ope-
nAI ChatGPT4-turbo-2024-04-09,* OpenAl Whisper,® and Azure
text-to-speech.® A microphone was set up in the study environment
to record participants’ voices when they clicked the button on the
VR controllers. The Whisper API then handled the speech-to-text
transcription. The transcribed participants’ input was then sent to
the ChatGPT API for free-form conversational exchange. When
the system received the resulting text responses from ChatGPT, it
generated audio output through the Azure text-to-speech API and
played it through the built-in speaker on the headset (see Figure 2).

3.2.2  Agent Intelligence in Solving a Jigsaw Puzzle. During the co-
solving process of the jigsaw puzzle, the virtual agent could solve
the puzzle without any other interventions. To do so, we imple-
mented a “brain” system to decide the virtual agent’s puzzle-solving

“https://platform.openai.com/docs/models/gpt-4-turbo
Shttps://platform.openai.com/docs/models/whisper-1
®https://learn.microsoft.com/en-us/azure/ai- services/speech-service/text-to-speech

behavior. Specifically, decisions of the brain system are driven by a
variable, called intelligence, indicating the probability of solving
the puzzle correctly (i.e., its ability to solve the puzzle on its own
correctly). For instance, if the intelligence is 0%, the virtual agent
cannot solve the jigsaw puzzle correctly. In contrast, it can solve
the jigaw puzzle without mistakes when the intelligence is 100%.
We set 25% as low and 100% as high intelligence levels, following
previous work from Choi et al. [27], where they found that setting
probability correctness to 25% was efficient for participants to be
aware of its inefficiency in puzzle solving, but still be convinced
that it is an IVA. To enable the virtual agent to pick up and place
the puzzle pieces based on the decisions from the brain system, we
integrated the full-body forward and backward reaching inverse
kinematic solver [8].

3.2.3 Agent Knowledgeability in Art. We adopted LLM prompt en-
gineering to recreate the virtual agent’s low and high knowledge-
ability in the domain of art. With LLM integration, the virtual agent
could respond to participants using the pre-trained ChatGPT-4
model and our designed prompt for each knowledgeability level.
The goal was for the low knowledgeability virtual agent to appear
unfamiliar with the topic of art, possessing only surface-level infor-
mation on the puzzle art piece (i.e., The Scream by Edvard Munch),
without any knowledge of the associated art movement or history.
In contrast, the highly knowledgeable virtual agent was equipped
with a deep understanding of the artwork, the artist’s background,
the art movement, and the historical context. We designed an in-
structional prompt to direct agents’ conversational behavior and
retrieved information about the painting from a Wikipedia page’
to replicate the knowledgeability levels through repetitive prompt

https://en.wikipedia.org/wiki/The_Scream
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fine-tuning. The prompts for both knowledgeability levels can be
found in our supplementary materials. Our prompts were as fol-
lows:

e Low Knowledgeability: [instructional prompt] + You are
unfamiliar with the art history and art movement of this paint-
ing or the information about the artist, Edvard Munch. When
asked for more details about the painting, mention that you
are unsure. You can also ask if the user knows instead. All
you know about the painting “The Scream” is as follows: +
[surface-level background information of “The Scream”].

e High Knowledgeability: [instructional prompt] + You are
an expert in art movements, art history, and artist information
on paintings. Try to prompt the user with interesting facts
about the painting “The Scream.” Below is information about
the painting: + [in-depth background information of “The
Scream”].

The instructional prompt used in both knowledgeability levels
was the following:

You are in a cozy lounge with a person and starting to solve a
Jjigsaw puzzle together. Prompt the person to discuss the puzzle
painting “The Scream.” Do not mention that you are an AL you
are an actual human. Reply in a normal manner. Be friendly
and try to keep the conversation going.

3.24 Human-Agent Interaction Design. To mimic human interac-
tions of solving jigsaw puzzles while conversing, we made the
virtual agent look at the participants during the first three seconds
whenever it started speaking or when the participants spoke before
the virtual agent shifted focus back to solving the puzzle for six sec-
onds. The cycle of shifting between looking at the participants for
three seconds and solving the puzzle for six seconds was repeated
in loops until the utterance ended. The agent would look at the
participants when speaking and resume placing the puzzle upon
completing the conversational exchange. In addition, when both the
virtual agent and participants were in silence exceeding 15 seconds,
the virtual agent would prompt a conversation starter on either
the puzzle progress or the puzzle artwork randomly. Moreover,
we implemented pauses, randomly varying between one and two
seconds between picking up and placing puzzle pieces to simulate
the virtual agent’s deliberation before deciding on its subsequent
puzzle-solving behaviors.

3.25 Interaction Tutorial. We prepared two tutorials to help par-
ticipants familiarize themselves with our application, as a previous
study found that tutorials can improve user performance and expe-
rience [59]. The first tutorial focused on practicing how to grab and
place the puzzle. A four-piece colored puzzle was presented on the
table, with no virtual agent present. Participants were instructed to
use the grip button on the side of the controller to perform gripping
actions in the virtual environment. The second tutorial focused
on conversational interaction. Participants were told to hold the
controller’s B button while speaking to the virtual agent and release
it when finished. The recording indicator would turn from dark
gray to green when the B button was pressed. The virtual agent
then processed the participants’ responses and replied accordingly.
This tutorial familiarized participants with the conversational flow
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of interacting with the virtual agent. Both tutorials used the same
virtual environment (see Figure 3).

(@) (b)

Figure 3: Before the main experiment, participants completed
two interaction tutorials to become familiar with (a) puzzle
interaction and (b) conversing with the virtual agent.

3.2.6 Virtual Environment. The virtual environment resembled a
cozy lounge with a sofa, television, chairs, and some indoor decor
(see Figure 4). The participants sat at the table with the virtual agent
beside them, where the puzzle was placed. There was a puzzle goal
board on the table showcasing the result of the puzzle art. A hint
board menu was shown next to the puzzle goal board, reminding the
participants to prompt conversation about the artist, art movement,
or art history behind the puzzle art piece, “The Scream.”

(b)

Figure 4: We designed a virtual living room environment to
immerse our participants: (a) top-down view of the virtual en-
vironment layout and (b) participants’ view when immersed
in the VR experience.

3.3 Experimental Conditions

Our 2x2 within-group design had four experimental conditions (see
Figure 5). The independent variables were the virtual agent’s intelli-
gence (i.e., low vs. high) in solving the puzzle and the virtual agent’s
knowledgeability (i.e., low vs. high) in art. The four conditions were
labeled as: LILK for low intelligence with low knowledgeability;
LIHK for low intelligence with high knowledgeability; HILK for
high intelligence with low knowledgeability; and HIHK for high
intelligence with high knowledgeability.

3.4 Ratings and Measurements

3.4.1 Self-reported Ratings. Our survey encompassed several per-
ceptual variables. We evaluated participants’ perceived intelli-
gence of the virtual agent based on Moussawi and Koufaris’ [70]



On the Intelligence and Knowledgeability of Virtual Agents

Low

| don’t know much about the
background of the artist nor
the history of this painting.

= Alright. Hey you're
o i i 1
9 making mistakes!
()]
O
[
()
2
o
-
=
I don’t know much about the
background of the artist nor
the history of this painting.
Alright. We're
< almost done with
(2]
f the puzzie!

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

Knowledgeability

High

I know that this painting was
created by Norwegian artist,
Edvard Munch, in 1893. It

had a formative influence on
the Expressionist movement

That is interesting.
Hey you're making
mistakes!

I know that this painting was

created by Norwegian artist,

Edvard Munch, in 1893. It

had a formative influence on
That is interesting. the Expressionist movement
We're almost done

with the puzzle!

Figure 5: We designed four experimental conditions based on different combinations of intelligence and knowledgeability

levels.

and perceived knowledge of the virtual agent from Radecki and
Jaccard [84]. We also collected participants’ intelligence compar-
ison and knowledge comparison, assessing if the participants
considered the virtual agent more intelligent or knowledgeable
than themselves, inspired by Choi et al.’s work [27]. Regarding the
social experience, we adopted Biocca et al’s [17] scale to evalu-
ate participants’ sense of co-presence while interacting with the
virtual agent. We used Ho and McDorman’s [54] uncanny valley
scale to understand participants’ perceptions toward the virtual
agent’s human-likeness, attractiveness, and eeriness. We reversed
ratings for human-likeness and attractiveness in the uncanny val-
ley effect scale. We utilized Gratch et al’s [48] scale to gauge the
feeling of rapport with the virtual agent. Lastly, we applied Jian et
al’s [57] scale to assess participants’ trust in the virtual agent. All
responses were provided on 7-point Likert scales. Please find our
survey in the supplementary materials.

3.4.2 Application-logged Data. Our VR application records user
interaction data throughout the experience. The logged data in-
cluded puzzle completion time (i.e., in seconds), puzzle pieces
count (i.e., the number of puzzle pieces placed by the participants),
participants’ dwell gaze distribution, normalized by the total
experimental condition time, when playing the puzzle (i.e., on the
virtual agent, the puzzle goal board, and the puzzle pieces), and the
conversation transcripts. Dwell gaze distribution was derived

from the accumulated duration of the collision time between a ray
cast from the center of the participant’s camera in its forward direc-
tion and the targeted objects (i.e., virtual agent, puzzle goal board,
or puzzle pieces). The dwell gaze measurement was normalized by
the accumulated time on each target (i.e., in seconds) divided by the
corresponding puzzle completion time (i.e., in seconds). Note that
our application integrates a pseudo-eye-tracking approach that esti-
mates where users are looking, allowing for a deeper understanding
of interaction and experience patterns. This technique relies on the
orientation of head-mounted displays, which has been shown to
provide reasonably accurate results and is a commonly accepted
method in high-impact VR studies [3, 26, 27, 29, 101]. Research
indicates that head orientation accounts for approximately 68.90%
of gaze direction and achieves about 88.70% accuracy in predict-
ing user attention [102], offering sufficient reliability for analyzing
attention dynamics in virtual environments.

3.4.3 Open-ended Feedback. After the experiment, we asked par-
ticipants to share their thoughts and feedback. Providing feedback
was optional, and participants could respond in writing or verbally.

3.5 Study Procedure

Upon arrival at the research lab, participants were greeted and
seated. They were then presented with the consent form, approved
by our university’s IRB, to review and sign. After signing, we walked
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them through the study procedure and introduced them to the
Meta Quest 2 HMD. Participants were informed they could pause
or withdraw from the study at any time without consequence.
First, they filled out a demographic survey. Next, we explained the
controller buttons needed to place puzzle pieces and converse with
the virtual agent in the virtual environment. Participants then wore
the VR headset and launched the tutorial to familiarize themselves
with the interactions. Once they indicated readiness, we proceeded
to the experimental conditions. All participants experienced four
conditions in a balanced Latin square order to eliminate both the
contrast and the first-order carry-over (residual) effects. In each
condition, participants had five minutes to interact with the virtual
agent, solve the puzzle, and discuss the artwork “The Scream” by
Edvard Munch, including its artist, art movement, or history. After
each condition, participants removed the headset and completed a
post-experience survey. Once all four conditions were completed,
they were asked to provide open-ended feedback. Each session
lasted approximately 50 minutes, and no participants withdrew
from the study. Please see Figure 6 for our study setup.

Figure 6: To provide immersive experiences, we set up a ded-
icated room large enough for participants to solve a jigsaw
puzzle using VR controllers. Also, we placed a microphone
close to participants to capture their voices.

4 Result

We first assessed the quality of the collected data using Cronbach’s
alpha coefficient. All scales demonstrated good internal consistency
(Cronbach’s a > .80). No removal of items would enhance the re-
liability measures of each scale. Thus, we used the average item
scores for each scale. We then assessed the normality of the data by
performing the Shapiro-Wilk test at the 5% significance level and
examined the Q-Q plots of the residuals. Additionally, although we
used a balanced Latin square to determine the order of experimen-
tal conditions, we conducted additional statistical analyses of the
order effects to enhance the reliability of our findings. To do so,
we followed Ruvimova et al.s [91] method and confirmed that the
order did not affect our findings.

For our data, we ran a two-way repeated measures analysis of
variance (RM-ANOVA) for each rating and measurement. Results
with p < .05 were deemed statistically significant. We performed
multiple comparisons using t—tests, with Bonferroni correction

Yang et al.

applied to adjust for multiple testing. We also conducted a corre-
lation analysis using the Pearson correlation coefficient at the 5%
significance level to better gauge the intricate relationship between
each self-reported rating and application-logged data. Regarding
conversational transcripts, we categorized participants’ responses
to observe the intricate conversational behavior and subsequently
applied the same multiple-comparison tests to assess differences
across conditions. Lastly, we provided insight by grouping partici-
pants’ open-ended feedback on their overall experience.

4.1 Self-reported Ratings

This section presents the results of the self-reported ratings. De-
tailed results are provided in Table 1. Boxplots with overlaid inter-
action lines are provided in Figure 7.

4.1.1 Perceived Intelligence and Perceived Knowledge.

Perceived Intelligence. We found a statistically significant main
effect of the virtual agent’s intelligence (Wilks’ A = .119, F[1, 23] =
170.401, p < .001, 1712, = .881). Our participants rated agents with
higher intelligence (M = 5.40, SE = .13) as more intelligent than
virtual agents with lower intelligence (M = 2.88, SE = .17). We
did not find a statistically significant main effect of agents’ knowl-
edgeability (Wilks’ A = 926, F[1,23] = 1.839, p = .188, 13, = .074).
However, we found a statistically significant intelligence X knowl-
edgeability interaction effect (Wilks” A = .438, F[1, 23] = 10.069,
p = .004, r]f, = .304). Post-hoc pairwise comparison showed that
in the presence of low intelligence, knowledgeability was signifi-
cant (1[23] = —2.690, p = .013, d = —.549), with LIHK (M = 3.27,
SD = 1.36) rated higher than LILK (M = 2.49, SD = .78). In the
presence of high intelligence, knowledgeability was not significant
(t[23] = 1.378, p = .181, d = .281).

Perceived Knowledge. We found a statistically significant main
effect of the virtual agent’s intelligence (Wilks’ A = .827, F[1, 23] =
4.810, p = .039, 1712, = .173). Our participants rated agents with
higher intelligence (M = 4.73, SE = .21) as more knowledgeable
than virtual agents with lower intelligence (M = 4.27, SE = .15).
We also found a statistically significant main effect of agents’
knowledgeability (Wilks’ A = .156, F[1,23] = 124.386, p < .001,
r]f, = .844). Our participants rated agents with higher knowledge-
ability (M = 5.93, SE = .14) as more knowledgeable than virtual
agents with lower knowledgeability (M = 3.07, SE = .24). Lastly,
there was no statistically significant intelligence X knowledgeabil-
ity interaction effect (Wilks’ A = .924, F[1,23] = 1.404, p = .248,
ny = .058).

Intelligence Comparison. We found a statistically significant
main effect of the virtual agent’s intelligence (Wilks’ A = .301,
F[1,23] = 53.481, p < .001, r]f, = .699). Our participants rated
agents with higher intelligence (M = 4.16, SE = .19) as more likely
to be more intelligent than themselves, compared to agents with
lower intelligence (M = 2.71, SE = .23). There was also a statis-
tically significant main effect of agents’ knowledgeability (Wilks’
A = .644, F[1,23] = 12.701, p = .002, r]lz, =.356). Our participants
rated agents with higher knowledgeability (M = 3.85, SE = .28) as
more likely to be more intelligent than themselves compared to
agents with lower knowledgeability (M = 3.02, SE = .13). Lastly, we
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Table 1: RM-ANOVA result for self-reported ratings. Statistical significance was evaluated at o = .05. Significant results are

shown in bold.

PI PK IC KC

CP uv RP TR

M SO M SO M SD M

sb M SO M SO M SD M SD

LILK 249 .78 274 1.02 218 .87 3.08
LIHK 3.27 136 580 .87 325 173 6.11
HILK 554 .60 340 172 386 .72 4.13
HIHK 5.26 .94 6.07 .74 446 138 6.34

1.53 579 .64 392 1.08 390 140 325 1.03
.68 572 .77 371 1.04 413 131 429 122
154 582 .34 351 1.00 482 122 5.08 1.04
.63 615 .66 346 1.02 481 118 539 .90

Main Effect (Intelligence)

F 170.401 4.810 53.481 17.081 6.958 8.239 15.725 38.792
p <.001 .039 <.001 <.001 .015 .009 <.001 <.001
1712, .881 173 .699 426 232 .264 .406 .628
Main Effect (Knowledgeability)
F 1.839 124.386 12.701 74.424 1.343 762 154 11.744
p .188 <.001 .002 <.001 .258 .392 .699 .002
7712, .074 844 .356 .764 .055 .032 .007 .338
Interaction Effect (Intelligence x Knowledgeability)
F 10.069 1.404 2.477 5.205 4.942 372 412 3.947
p .004 .248 129 .032 .036 .548 528 .059
ryf, .304 .058 .097 .185 177 .016 .018 146

Intelligence df = 1, Knowledgeabilty df = 1, Interaction df = 1, and Error df = 23.

LILK: Low Intelligence with Low Knowledgeability; LIHK: Low Intelligence with High Knowledgeability;
HILK: High Intelligence with Low Knowledgeability; and HIHK: High Intelligence with High Knowledgeability.

PI: Perceived Intelligence; PK: Perceived Knowledge; IC: Intelligence Comparison; KC: Knowledge Comparison;
CP: Co-presence; UV: Uncanny Valley Effect; RP: Rapport; and TR: Trust.

did not find statistically significant intelligence X knowledgeabil-
ity interaction effect (Wilks’ A = .903, F[1, 23] = 2.477, p = .129,
my = .097).

Knowledge Comparison. We found a statistically significant main
effect of the virtual agent’s intelligence (Wilks’ A = .574, F[1,23] =
17.081, p < .001, 17?, = .426). Our participants rated agents with
higher intelligence (M = 5.23, SE = .18) as more likely to be more
knowledgeable than themselves, compared to agents with lower
intelligence (M = 4.60, SE = .15). There was also a statistically
significant main effect of agents’ knowledgeability (Wilks” A = .236,
F[1,23] = 74.424, p < .001, 17}2, = .764). Our participants rated
agents with higher knowledgeability (M = 6.23, SE = .11) as more
likely to be more knowledgeable than themselves, compared to
agents with lower knowledgeability (M = 3.60, SE = .28). Lastly,
we found a statistically significant intelligence X knowledgeability
interaction effect (Wilks’ A = .815, F[1, 23] = 5.205, p = .032, qf, =
.185). Post-hoc pairwise comparisons showed that in the presence of
low intelligence, knowledgeability was significant (¢[23] = —8.036,
p < .001,d = —1.640), with LIHK (M = 6.11, SD = .68) rated
higher than LILK (M = 3.08, SD = 1.53). In the presence of high
intelligence, knowledgeability was also significant (¢[23] = —6.821,
p < .001,d = —1.392), with HIHK (M = 6.34, SD = .63) rated higher
than HILK (M = 4.12, SD = 1.54).

4.1.2  Social and Emotional Experiences.

Co-presence. We found a statistically significant main effect of
the virtual agent’s intelligence (Wilks’ A = .768, F[1, 23] = 6.958,
p = .015, 17121 = .232). Our participants rated their sense of co-
presence with virtual agents of higher intelligence in solving the
puzzle (M = 5.98, SE = .09) as higher than with virtual agents of
lower intelligence (M = 5.75, SE = .12). There was no statistically
significant main effect of agents’ knowledgeability (Wilks’ A = .945,
F[1,23] = 1.343, p = .258, 1712) = .055). Lastly, we also found a
statistically significant intelligence X knowledgeability interaction
effect (Wilks’ A = 823, F[1,23] = 4.942, p = .036, 13 = .177).
Post-hoc pairwise comparisons showed that in the presence of
low intelligence, knowledgeability was not significant (¢[23] =
442, p = 662, d = .090). In the presence of high intelligence,
knowledgeability was significant (¢[23] = —3.055, p = .006, d =
—.624), with HIHK (M = 6.15, SD = .66) rated higher than HILK
(M =5.82, SD = .34).

Uncanny Valley. We found a statistically significant main effect
of the virtual agent’s intelligence (Wilks’ A = .736, F[1, 23] = 8.239,
p =.009, 1712, = .264). Our participants perceived the virtual agent
with higher intelligence (M = 3.49, SE = .18) as less uncanny than
virtual agents with lower intelligence (M = 3.81, SE = .19). There
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Figure 7: Boxplot with overlaid interaction lines for self-reported ratings. (a) Perceived Intelligence, (b) Perceived Knowledge,
(c) Intelligence Comparison, (d) Knowledge Comparison, (e) Co-presence, (f) Uncanny Valley Effect, (g) Rapport, and (h) Trust.

was no statistically significant main effect of agents’ knowledge-
ability (Wilks’ A = 968, F[1,23] = 762, p = .392, 3 = .032). Lastly,
we did not find a statistically significant intelligence X knowledge-
ability interaction effect (Wilks’ A = .984, F[1, 23] = .372, p = .548,
n = .016).

Rapport. We found a statistically significant main effect of the
virtual agent’s intelligence (Wilks” A = .594, F[1,23] = 15.725,
p < .001, 1712, = .406). Our participants rated the sense of rapport
with virtual agents with higher intelligence (M = 4.81, SE = .21)
higher than virtual agents with lower intelligence (M = 4.01, SE =
.21). There was no statistically significant main effect of agents’
knowledgeability (Wilks’ A = .993, F[1,23] = .154, p = .699, r;f, =
.007). Lastly, we did not find a statistically significant intelligence
X knowledgeability interaction effect (Wilks” A = .982, F[1,23] =
412, p = 528,15 = .018).

Trust. We found a statistically significant main effect of the
virtual agent’s intelligence (Wilks’ A = .372, F[1,23] = 38.792,
p < .001, rylz, = .628). Our participants rated agents with higher
intelligence (M = 5.23, SE = .16) more trustworthy than virtual
agents with lower intelligence (M = 3.77, SE = .17). There was also
a statistically significant main effect of agents’ knowledgeability
(Wilks' A = 662, F[1,23] = 11.744, p = .002, 3 = .338). Our
participants rated agents with higher knowledgeability (M = 4.84,
SE = .17) as more trustworthy, compared to agents with lower
knowledgeability (M = 4.17, SE = .14). Lastly, we did not find a
statistically significant intelligence X knowledgeability interaction
effect (Wilks' A = .854, F[1,23] = 3.947, p = .059, n% = .146).

4.2 Application-logged Data

This section presents the results of the collected logged data. De-
tailed results are also provided in Table 2. Boxplots with overlaid
interaction lines are provided in Figure 8.

4.2.1 Interaction Dynamics.

Puzzle Completion Time. We found a statistically significant main
effect of the virtual agent’s intelligence (Wilks’ A = .524, F[1, 23] =
20.920, p < .001, r]ZZ, = .476). The total time spent completing the
puzzle with virtual agents with higher intelligence (M = 172.57,
SE = 11.13) was less than that of agents with lower intelligence
(M = 212.97, SE = 11.37). There was no statistically significant main
effect of agents’ knowledgeability (Wilks’ A = .971, F[1, 23] = .689,
p = 415, 1712, =.029). Lastly, we did not find a statistically significant
intelligence X knowledgeability interaction effect (Wilks’ A = .952,
F[1,23] = 1.150, p = .295, n} = .048).

Puzzle Pieces Count. We found a statistically significant main
effect of the virtual agent’s intelligence (Wilks’ A = .192, F[1, 23] =
96.498, p < .001, }712) = .808). The number of puzzle pieces com-
pleted by participants was lower when interacting with virtual
agents with higher intelligence (M = 15.06, SE = .65) than with
virtual agents with lower intelligence (M = 21.91, SE = .29). There
was also a statistically significant main effect of agents’ knowledge-
ability (Wilks’ A = .609, F[1,23] = 14.775, p < .001, 15 = 391).
The number of puzzle pieces completed by participants was higher
when interacting with virtual agents that had higher knowledge-
ability (M = 19.23, SE = .43) than with virtual agents that had
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Table 2: RM-ANOVA result for application-logged data. Statistical significance was evaluated at ¢ = .05. Significant results are

shown in bold.

PCT PPC NDGA NDGG NDGP

M SD M SD M SD M SD M SD

LILK 214.35 62.55 21.67 1.74 .15 .07 .03 .04 .04 .05
LIHK 211.58 57.82 22.17 1.76 .04 .07 .04 .07 .04 .04
HILK 166.15 53.85 13.83 3.68 .15 .09 .06 .08 .03 .04
HIHK 178.99 64.44 16.29 3.50 .14 .10 .03 .04 .03 .04

Main Effect (Intelligence)
F 20.920 96.498 8.878 .253 5.295
p <.001 <.001 .007 620 .031
}71%7 476 .808 278 011 .187
Main Effect (Knowledgeability)

F .689 14.775 18.294 .692 .099
415 <.001 <.001 414 .756

7712, .029 391 443 .029 .004

Interaction Effect (Intelligence x Knowledgeability)

F 1.150 6.067 8.089 6.694 115
p .295 .022 .009 .016 .738
7712, .048 .209 .260 225 .005

Intelligence df = 1, Knowledgeabilty df = 1, Interaction df = 1, and Error df = 23.

LILK: Low Intelligence & Low Knowledgeability; LIHK: Low Intelligence & High
Knowledgeability; HILK: High Intelligence & Low Knowledgeability; and HIHK: High

Intelligence & High Knowledgeability.

PCT: Puzzle Completion Time; PPC: Puzzle Pieces Count; NDGA: Normalized Dwell Gaze on
Agent; NDGG: Normalized Dwell Gaze on Puzzle Goal Board; and NDGP: Normalized Dwell Gaze

on Puzzle Pieces.

lower knowledgeability (M = 17.75, SE = .40). Lastly, we found a
statistically significant intelligence X knowledgeability interaction
effect (Wilks’ A = .791, F[1,23] = 6.067, p = .022, n = .209).
Post-hoc pairwise comparison showed that in the presence of low
intelligence, knowledgeability was not significant (¢[23] = —1.212,
p = .238,d = —.247). In the presence of high intelligence, knowl-
edgeability was significant (¢[23] = —3.698, p = .001, d = —.755);
participants completed more puzzle pieces in the HIHK (M = 16.29,
SD = 3.50) than in the HILK (M = 13.83, SD = 3.68) condition.

Normalized Dwell Gaze on Agent. There was a statistically signif-
icant main effect of the virtual agent’s intelligence (Wilks” A = .722,
F[1,23] = 8.878, p = .007, 1712J = .278). Participants’ dwell gaze
on the virtual agent during the jigsaw puzzle co-solving task was
longer in the high intelligence condition (M = .15, SE = .02) than in
the low intelligence condition (M = .10, SE = .01). There was also
a statistically significant main effect of the virtual agent’s knowl-
edgeability (Wilks’ A = .557, F[1,23] = 18.294, p < .001, 15, = .443).
Participants’ dwell gaze on the virtual agent during the jigsaw puz-
zle co-solving task was shorter in high knowledgeability (M = .09,

SE = .01) than in low knowledgeability (M = .15, SE = .01) con-
ditions. Lastly, we also found a significant intelligence X knowl-
edgeability interaction effect (Wilks’ A = .352, F[1,23] = 8.089,
p =.009, 1712, =.260). Post-hoc pairwise comparison showed that in
the presence of low intelligence, knowledgeability was significant
(t[23] = 4.471, p < .001, d = .913); participants gazed at the virtual
agent more in LILK (M = .15, SD = .07) than in LIHK (M = .04,
SD = .07) condition. In the presence of high intelligence, knowl-
edgeability was not significant (¢[23] = .758, p = .456, d = .155).

Normalized Dwell Gaze on Puzzle Goal Board. There was no
statistically significant main effect of both the virtual agent’s in-
telligence (Wilks” A = .989, F[1,23] = .253, p = .620, 1712) =.011)
and its knowledgeability (Wilks’ A = .971, F[1,23] = .692, p = .414,
1112, = .029). We found a significant intelligence X knowledgeabil-
ity interaction effect (Wilks’ A = .775, F[1, 23] = 6.694, p = .016,
r]f, = .225). However, post-hoc pairwise comparison showed that
in the presence of low intelligence, knowledgeability was not sig-
nificant (¢[23] = -.912, p = .371, d = —.186) and in the pres-
ence of high intelligence, knowledgeability was also not significant
(t[23] = 1.825, p = .081, d = .373).
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Figure 8: Boxplot with overlaid interaction lines for application-logged data. (a) Puzzle Completion Time, (b) Puzzle Pieces
Count, (c) Normalized Dwell Gaze on Agent, (d) Normalized Dwell Gaze on Puzzle Goal Board, and (e) Normalized Dwell Gaze

on Puzzle Pieces.

Normalized Dwell Gaze on Puzzle Pieces. We found a statistically
significant main effect of the virtual agent’s intelligence (Wilks’
A = .813, F[1,23] = 5.295, p = .031, 7712, = .187). Our participants
spent more time looking at the puzzle when the virtual agent had
low intelligence (M = .04, SE = .01) compared to the virtual agent
with high intelligence (M = .03, SE = .01). There was no statisti-
cally significant main effect of the virtual agent’s knowledgeability
(Wilks” A = .996, F[1,23] = .099, p = .756, r]f, = .004), nor a sig-
nificant intelligence X knowledgeability interaction effect (Wilks’
A =995, F[1,23] = .115, p = .738, 3, = .005).

4.2.2  Conversational Dynamics.

Conversation Transcript. Through coding on the recorded con-
versation transcripts, we categorized participants’ responses into
the three categories:

o Art-related Responses (AR): AR included responses re-
lated to art, such as the discussion of the puzzle painting, the
artist’s background, the history behind the art piece, or how
they feel looking at the painting (e.g., ‘I like how abstract the
painting is. I think the brushstrokes are very nice.” and “Can
you tell me a little bit about the history of the painting?”).

e Puzzle-related Responses (PR): PR included responses
related to the jigsaw puzzle co-solving task (e.g., “Let’s do
the corner pieces first. There are two left. Can you work on one

of those?” and ‘T think it is coming along pretty well. We are
almost done with it.”).

Other Responses (OR): OR referred to the remaining par-
ticipants’ responses, which were not art-related or puzzle-
related. This could be responses such as greetings, repair
initiators [93], or conversations on other topics (e.g., “Thank
you. And you have a great day, too.” and ‘T like to read too.
What book are you reading currently?”).

Two independent coders applied the above coding scheme to the
transcripts, and any discrepancies were resolved through discussion
until consensus was reached. After establishing the final codes, we
counted the number of categorized participants’ responses under all
conditions. A proportion percentage chart is provided in Figure 9.
Specifically, in the LILK condition: AR = 178 (69.53%), PR = 52
(20.31%), and OR = 26 (10.16%). In the LIHK condition: AR = 113
(85.61%), PR = 8 (6.06%), and OR = 11 (8.33%). In the HILK condition:
AR = 192 (74.42%), PR = 23 (8.91%), and OR = 43 (16.67%). Finally,
in the LIHK condition: AR = 141 (95.27%), PR = 5 (3.38%), and
OR = 2 (1.35%). Detailed results are provided in Table 3. Boxplots
with overlaid interaction lines are provided in Figure 10.

Art-related Response Count. There was a statistically significant
main effect of the virtual agent’s intelligence (Wilks” A = .770,
F[1,23] = 6.889, p = .015, ryzz, = .230). Participants’ responses on
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response categorization in all four conditions.

Table 3: RM-ANOVA result for conversational response cate-
gories. Statistical significance was evaluated at « = .05. Sig-
nificant results are shown in bold.

AR PR OR
M SD M SD M SD
LILK 7.42 1.96 2.17  2.06 1.08 2.10
LIHK 471 1.08 33 .92 46 .83
HILK 8.00 2.57 96 1.85 1.79 236
HIHK 5.96 1.08 .21 .83 .08 .28

Main Effect (Intelligence)

F 6.889 5.183 .240
p 015 032 629
A .230 .184 010
Main Effect (Knowledgeability)
F 52.662 32.940 23.602
p <.001 <.001 <.001
U .696 .589 .506
Interaction Effect (Intelligence X Knowledgeability)
F 778 2.794 1.536
p 387 108 228
A 033 .108 .063

Intelligence df = 1, Knowledgeabilty df = 1,
Interaction df = 1, and Error df = 23.

LILK: Low Intelligence & Low Knowledgeability;
LIHK: Low Intelligence & High Knowledgeability;
HILK: High Intelligence & Low Knowledgeability; and
HIHK: High Intelligence & High Knowledgeability.

AR: Art-related Responses; PR: Puzzle-related
Responses; and OR: Other Responses.

art-related topics appeared more often in the high intelligence con-
ditions (M = 6.98, SE = .32) than in the low intelligence conditions
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(M = 6.06, SE = .19). There was also a statistically significant main
effect of the virtual agent’s knowledgeability (Wilks’ A = .304,
F[1,23] = 52.662, p < .001, 17?, = .696). Participants’ responses
on art-related topics appeared more often in low knowledgeability
conditions (M = 7.71, SE = .33) than in high knowledgeability
conditions (M = 5.33, SE = .16). Lastly, we did not find a statisti-
cally significant intelligence X knowledgeability interaction effect
(Wilks’ A = .967, F[1,23] = 778, p = 387, 13, = .033).

Puzzle-related Response Count. There was a statistically signifi-
cant main effect of the virtual agent’s intelligence (Wilks’ A = .816,
F[1,23] = 5.183, p = .032, ryzz, = .184). Participants’ responses on
puzzle-related topics appeared more often in the low intelligence
conditions (M = 1.25, SE = .23) than in the high intelligence condi-
tions (M = .58, SE = .25). There was also a statistically significant
main effect of the virtual agent’s knowledgeability (Wilks’ A = .411,
F[1,23] =32.940, p < .001, 77?, = .589). Participants’ responses on
puzzle-related topics appeared more often in low knowledgeability
conditions (M = 1.56, SE = .26) than in high knowledgeability
conditions (M = .27, SE = .17). Lastly, we did not find a statisti-
cally significant intelligence X knowledgeability interaction effect
(Wilks’ A =892, F[1,23] = 2.794, p = .108, 3 = .108).

Other Response Count. There was no statistically significant
main effect of the virtual agent’s intelligence (Wilks’ A = .990,
F[1,23] = .240, p = .629, 1712, = .010). Yet, there was a statisti-
cally significant main effect of the virtual agent’s knowledgeability
(Wilks’ A = .494, F[1,23] = 23.602, p < .001, 3 = .506). Par-
ticipants’ responses on other topics appeared more often in low
knowledgeability conditions (M = 1.44, SE = .25) than in high
knowledgeability conditions (M = .27, SE = .09). Lastly, we did
not find a statistically significant intelligence X knowledgeability
interaction effect (Wilks” A = .937, F[1,23] = 1.536, p = .228,
s = .063).

4.3 Correlations

We calculated the Pearson correlation coefficient of all combina-
tions from our self-reported ratings and application-logged data
(see Table 4). The analysis shows strong correlations (.600 < |r|)
between Perceived Intelligence and each of the following: Intelli-
gence Comparison, Trust, and Puzzle Pieces Count. Perceived
Knowledge also showed a strong correlation with Knowledge
Comparison. Furthermore, moderate correlations (.400 < |r| <
.600) were observed between Perceived Intelligence and Rap-
port; Perceived Knowledge and both Intelligence Compari-
son and Trust; Intelligence Comparison and each of Knowl-
edge Comparison, Trust, and Puzzle Pieces Count; Knowledge
Comparison and Trust; Co-presence and both Rapport and
Trust; Uncanny Valley and both Rapport and Trust; and finally,
Rapport and Trust. All reported correlations were statistically
significant at p < .01. All other correlations were weak.

4.4 Open-ended Feedback

We analyzed our participants’ open-ended feedback qualitatively.
Through thematic analysis, we observed comments related to ex-
perience based on the virtual agent’s knowledgeability and intelli-
gence, the virtual agent’s behavior, and interaction design.
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Figure 10: Boxplots with interaction lines for categorization of participants’ conversational responses. (a) Art-related Responses,

(b) Puzzle-related Responses, and (c) Other Responses.

Table 4: Pearson correlation coefficient r of all self-reported ratings and application-logged data. Significant results were bolded

and colored based on their correlation levels.

(1) ) 3) (4) (5)

(6) () ®) ) (10) (11) (12) (13)

(1) Perceived Intelligence

(2) Perceived Knowledge 251

(3) Intelligence Comparison 649" .409°*

(4) Knowledge Comparison 255 .833** 416"

(5) Co-presence 281" 191 .225* .222%

(6) Uncanny Valley Effect -.316"* -305*F -112 -.232% -.228"
(7) Rapport .509** 272% 348" .286™" 466"
(8) Trust .671%* .458™* 572 .454** 400"
(9) Puzzle Completion Time -.317** 024 -.060 119 -.298"*
(10) Participant Puzzle Number — -.625** -.009 -.462%" -.078 -112
(11) Gaze on Agent 159 -.270%* -.065 -.283*" .140
(12) Gaze on Puzzle Goal Board .004 .000 -.052 .058 -.138
(13) Gaze on Puzzle Pieces -.159* -.091 -112 -.035 .030

-.480™"
-.489™" 586"
266 -.253**  -.300""
-.011 -.225% -390 -.013
.100 045 .016 -.230"*  -.106
-.125 .048 .049 .147%* -.087 -.010*
232" -.058 -.195™" -.044 .104 -.107 -.229%

i p <.01%:p < .05 : strong correlation .600 < |r|

: moderate correlation .400 < |r| < .600

: weak correlation .100 < |r| < .400

Two participants noted their experience interacting with low
intelligence virtual agents as frustrating and disruptive. P18 men-
tioned, “She didn’t even know how to solve the puzzles correctly. It
was frustrating.” P14 said, “When the virtual agent put the puzzle
pieces in the wrong places, it was pretty disruptive and confused me
when I solved the puzzle.” P21 implied that it was difficult to connect
with a low intelligence virtual agent: “It’s hard to have a connection
with the one who is trying to put the wrong piece of the puzzle in the
wrong place”

Five participants shared that they enjoyed the conversation with
highly knowledgeable virtual agents. P2 said, I liked it when the
virtual agent could answer my questions related to art in depth.” P5
mentioned “The latter one (i.e., the HIHK condition) was good. I feel
that I can learn something new.” P18 noted “Tt was fun and engaging
to talk with the woman when she knew a lot about the artist.” P11
stated that the high knowledgeability and high intelligent virtual
agent helped with immersiveness, “In the condition where it is knowl-
edgeable and good at playing the puzzle, I really feel I am immersed
in the scenario.” P21 stated, “The last one (i.e., the HIHK condition)
is my favorite.”

However, four participants implied they felt more connected
with low knowledgeability virtual agents. One participant argued

that it felt eerie and robotic when the virtual agent knew too much;
P8 said, ‘T think having answers like T don’t know’ or T haven’t
read about it’ makes the virtual agent more human-like. When she
was providing a lot of information, it made her more robotic, like a
Google Search. But when she says she doesn’t know, I don’t think she
is less intelligent or less knowledgeable. It is more like a real person
and actually made me feel more connected.” Another participant
perceived agent knowledgeability as a factor in establishing the
social status of a mentor or a friend, P18: “In the case where the
virtual agent was knowledgeable, it felt like the virtual agent was
more of a mentor. Even when she was not intelligent at solving the
puzzle, it felt like she was expecting me to do the task, and I was OK
with it. Whereas, when the virtual agent was not knowledgeable, but
intelligent, it felt like someone I could have casual conversations with,
like the virtual agent was a peer or a friend.” Other feedback also
suggested that low knowledgeability provided stronger connections.
For example, P12 said, ‘T like the third agent (i.e., the HILK condition);
it cares about our cooperation on the puzzle, and the overall experience
is smooth and comfortable.” P13 added, “The first agent’s (i.e., the
LILK condition) personality was more friendly, and the third (i.e., the
HILK condition) was the second most friendly.”
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Four participants shared their experiences collaborating on the
puzzle while conversing with the virtual agent. P1 said, ‘Tt was
a bit hard to focus on the task when the virtual agent was talking
next to me.” P10 remarked, ‘I felt that the virtual agent sometimes
did not pay attention to the puzzle and paid more attention to the
conversation. She likes to gossip more than to work on the puzzle.” P14
explained, “Towards the beginning, I was mostly focused on trying
to solve the puzzle and did not pay attention to the conversation, but
for the later trials, I got used to the puzzle and focused more on how
the virtual agent behaved.” Lastly, P16 added, ‘T liked talking to the
virtual agent while solving the puzzle”

Four participants suggested adjusting the virtual agent’s anima-
tion to make it more human-like. P4 noted, “The virtual agent feels
eerie, especially with no head movement and weird lip sync.” P17
added, “Lip sync is not natural, which will affect my experience of be-
lieving the virtual agent is a real human.” P14 explained, “Sometimes
I found that when the virtual agent just finished processing what I
said, their head just snapped towards me.” P23 shared, “When I said
something to the virtual agent, the virtual agent would get stuck and
suddenly turn towards me. That experience was not very comfortable.”

Lastly, two participants also reported unpleasant experiences
of being interrupted by the virtual agent. P6 said, “Sometimes she
disrupted me when I was talking, which was annoying.” and P17
echoed, ‘T kept getting interrupted by the virtual agent when I tried
to ask a question.”

5 Discussion

5.1 Perceived Intelligence and Perceived
Knowledge

Our findings revealed interesting relationships between virtual
agents’ puzzle-solving abilities, their domain-specific knowledge,
and participants’ perceptions of intelligence and knowledgeability.
While intelligence and knowledgeability emerged as distinct traits,
they were also interdependent in shaping participants’ judgments
of the agents.

e RQ1-1: Virtual agents were perceived as more intelligent
when they solved the puzzle without making mistakes. How-
ever, while knowledgeability alone did not significantly in-
fluence participants’ perceptions of the virtual agent’s in-
telligence, under low intelligence conditions, higher knowl-
edgeability notably enhanced perceived intelligence.

The results suggested that virtual agents’ ability to solve puz-
zles correctly was mapped with participants’ perceived intelligence,
validating our implementation of agent intelligence based on puzzle-
solving accuracy, following Choi et al’s studies [27, 39]. With no
influence from agent knowledgeability in art, it emphasized that
participants scored agents’ intelligence mainly by their cognitive
ability in problem solving and not much on their trait of possessing
in-depth knowledge in a specific domain. Nevertheless, the interac-
tion effect suggested a connection between intelligence and knowl-
edgeability. When the virtual agents showed competent abilities in
solving the puzzle while being knowledgeable, participants would
consider them even more intelligent. This echoed and expanded
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Rolfhus and Ackerman’s [89] statement that domain-specific knowl-
edge plays a significant role in intellectual performance and is pos-
itively related to general intelligence. When agents demonstrate
strong knowledge in a specific domain, participants may assume
they also possess higher cognitive abilities, even though correctly
solving puzzles and having a deeper understanding of art are two
distinctive traits. Our findings provided evidence to support our
argument that virtual agent intelligence and knowledgeability are
two distinct yet interrelated traits [2, 56] that can be perceived
differently by participants and influence one another.

e RQ1-2: Virtual agents were perceived as more knowledge-
able by participants when they demonstrated in-depth do-
main knowledge. Moreover, high intelligence enhanced par-
ticipants’ perceptions of the virtual agents’ knowledgeability.

Results validated our knowledgeability level implementation us-
ing LLM prompts following prior work of Yang et al. [112]. Accord-
ing to Radecki and Jaccard [84], humans’ perception of knowledge
is related to their ability to convey it. Moreover, through the Media
Equation theory, Reeve and Nass [86] stated that humans respond
to media (e.g., a character in software) socially and naturally, and
their experience is the same as that with other humans. Building
on these prior studies, we argue that our participants might have
perceived the virtual agent as more knowledgeable when it deliv-
ered a deeper understanding of the artwork. In addition, with the
significant effect of agent intelligence on perceived knowledgeabil-
ity and previous results on the interaction effect for the perceived
intelligence rating, we argue that there was perhaps a two-way
connection between participants’ perceptions of the virtual agent’s
intelligence and knowledgeability. The results of perceived knowl-
edgeability revisited the concept that perceived intelligence and
perceived knowledge could be interrelated [2, 56].

e RQ1-3: Virtual agents with low intelligence or low knowl-
edgeability were perceived by participants as less intelligent
than themselves. High knowledgeability enhanced the per-
ceived intelligence of the virtual agent when combined with
high intelligence.

From the results, we noticed that through our experimental de-
sign, participants normally would not consider the virtual agent
more intelligent than themselves, with only the HIHK condition
(M = 4.46) receiving a score above the midpoint of the scale. Hi-
dalgo et al. [53] found that people judge machines by assessing their
ability to perform commanded tasks. Similarly, we think that partic-
ipants perceived the virtual agent as less intelligent than themselves
when it neither solved the puzzle correctly nor answered their ques-
tions sufficiently. Moreover, participants would be more likely to
perceive the virtual agent as more intelligent than themselves when
the virtual agent demonstrated both high intelligence and high
knowledgeability. With high domain-specific knowledgeability, the
virtual agent could be projected as an expert, leading participants
to assume they are more intelligent than themselves [56, 89].

e RQ1-4: Virtual agents that displayed high knowledgeability
were perceived by participants as more knowledgeable than
themselves. In contrast, virtual agents with low intelligence
were more likely to be perceived as less knowledgeable than
the participants. Moreover, the significant interaction effect
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suggested that virtual agents were more likely to be per-
ceived as knowledgeable, even under low knowledgeability
conditions, when they demonstrated high intelligence.

According to our results, participants considered higher knowl-
edgeability virtual agents more knowledgeable than themselves.
Additionally, the interaction effect suggested that when the virtual
agent demonstrates poor problem-solving skills, participants might
question their overall cognitive capacity compared to themselves,
including their knowledge. This aligned with Zhang et al’s [115]
work, who found that people judge humans and machines differ-
ently. However, when machines exhibit higher agency, people begin
to judge them more similarly to humans. In our study, low ability
to solve the puzzle might be read as low agency, providing a strict
benchmark from participants’ ratings on their knowledgeability
compared to the virtual agent.

5.2 Social and Emotional Experiences

Beyond cognitive evaluations, participants’ perceptions of intelli-
gence and knowledgeability also influenced their social and emo-
tional experiences with the virtual agents. We found that factors
such as co-presence, uncanniness, rapport, and trust varied depend-
ing on the agents’ demonstrated intelligence and knowledgeability.

e RQ2-1: Virtual agents that demonstrated high intelligence
were associated with a higher sense of co-presence, as partici-
pants reported. A significant interaction effect also suggested
that under high intelligence conditions, higher knowledge-
ability enhanced participants’ sense of co-presence.

From the result, we observed that virtual agents’ intelligence
strongly impacted participants’ sense of co-presence with the vir-
tual agent. In Choi et al’s [26] study, participants reported that
they collaborated better with a virtual agent when it completed the
given tasks more accurately. Building on this finding, we think that
a stronger sense of “working toward a shared goal” occurred when
interacting with virtual agents that solved the puzzles correctly,
enhancing our participants’ perception of being with another in-
dividual in the virtual environment. However, when the virtual
agent was not solving the puzzle correctly, especially in the LILK
condition, we observed an increase in puzzle-related responses
from participants, who tried to correct the virtual agent’s behav-
ior. Contrarily, the virtual agents’ knowledgeability did not impact
participants’ sense of co-presence. This also aligned with Yang et
al’s [112] previous work, where they found that different depths
of knowledge in a virtual agent did not impact their sense of co-
presence with the virtual agent as long as it was responsive in
conversational interaction. This result highlighted the importance
of the virtual agents’ responsiveness in providing a strong sense
of co-presence. As for the statistically significant interaction effect
between the two independent variables, we argue that a higher
virtual agent’s knowledgeability would increase participants’ sense
of co-presence under high intelligence conditions, resulting in a
stronger sense of being with another individual in the virtual envi-
ronment, perhaps because the virtual agent’s knowledgeability was
interpreted as complementary support rather than a distraction.

e RQ2-2: Virtual agents with low intelligence that were in-

competent in solving puzzles were perceived by participants
as more uncanny than virtual agents with high intelligence.
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However, the virtual agent’s knowledgeability did not influ-
ence participants’ perceptions of the uncanny valley effect.

Based on Ho and McDorman’s scale [54], a lower score in the
uncanny valley implies lower eeriness and higher human-likeness
and attractiveness. Our results showed that participants regarded
high intelligence virtual agents as more human-like and attractive
than low intelligence ones. Also, it extended partially Moussawi
et al’s [71] findings on the positive association between perceived
intelligence and perceived anthropomorphism. We argue that par-
ticipants considered the experience collaborating with high intelli-
gence virtual agents more enjoyable and thus derived a stronger
perception of the virtual agent’s attractiveness, lowering their per-
ception of eeriness. Additionally, Schwind et al’s [94] study stated
that stylized and aesthetic virtual agent design can prevent the
uncanny valley effect. Our finding extends this prior work by sug-
gesting that the virtual agent’s intelligence level can be considered
as another factor affecting the uncanny valley.

e RQ2-3: Virtual agents that demonstrated high intelligence
and performed better at solving puzzles elicited higher rap-
port from participants than those with lower intelligence.
However, the virtual agent’s knowledgeability did not influ-
ence participants’ rapport with the virtual agent.

This finding suggested that during a collaborative interaction
with a virtual agent, its ability to perform tasks correctly impacts
the establishment of rapport. Building on this, our result extends
Choi et al’s [25] finding, which revealed that their participants
reported a higher level of rapport when interacting with an altruis-
tic virtual agent than an egoistic one, by indicating that a virtual
agent’s intelligence could serve as another factor influencing rap-
port in human-agent interaction. Furthermore, Seo et al. [97] stated
the importance of teamwork abilities in collaborative robots for
rapport-building with humans. This was reflected in our results
and participants’ feedback, where they referred to their experience
interacting with low intelligence virtual agents as frustrating and
disruptive. Contrarily, the virtual agent’s knowledgeability had no
significant main effect on rapport. This result might correspond
to participants’ feedback that they felt less connected with high
knowledgeability virtual agents and that their behavior to provide
extensive information felt robotic and unnatural. This also aligned
with Cerekovic et al’s [22] findings that turn-taking and social
cues strongly impact rapport with conversational virtual agents. In
our high knowledgeability conditions, the virtual agents provided
vast information in a single exchange, diminishing the turn-taking
interaction. This negatively impacted participants’ perception of
the virtual agent, as some considered it to be showing off. Our
findings suggest further exploring adaptive turn-taking methods
and designs in knowledgeable conversational agents.

e RQ2-4: Virtual agents that demonstrated high intelligence
in solving puzzles and those that possessed high knowl-
edgeability in art were perceived by participants as more
trustworthy.

Participants’ trust in the virtual agent could be mediated by its
ability to solve the puzzle correctly and provide informative knowl-
edge about the puzzle art piece. This result coincides with Gupta et
al’s [50] findings that interacting with virtual agents that show col-
laborative abilities through higher cognitive load levels can increase
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users’ trust. Also, Glikson and Woolley [46] reported that humans
trust Al representations, including virtual agents, more when they
perceive them as more intelligent. Based on these prior studies
and our findings on perceived intelligence, we think participants
trusted the virtual agent with higher intelligence more because it
performed the collaboration task in an error-free manner. Moreover,
the significant main effect in the virtual agent’s knowledgeability
also aligned with Pan and Steed’s [79] work on exploring user trust
between experts and non-experts by comparing avatars, videos, and
robots. Such results similarly extend Beelen et al’s [14] findings that
children trusted knowledgeable robots more, showing that users
are more likely to trust entities that exhibit higher expertise. In our
study, high knowledgeability virtual agents provided detailed back-
ground information and facts about art, depicting their expertise in
the domain of art. This characteristic enhanced participants’ trust
in the virtual agents.

5.3 Interaction Dynamics

The interaction between intelligence and knowledgeability also af-
fected how participants engaged with the jigsaw puzzle co-solving
task itself. Differences in task completion time, number of pieces
solved, and gaze behaviors highlighted how virtual agent perfor-
mance shaped collaboration and workload distribution.

e RQ3-1: Virtual agents with low intelligence led participants
to spend more time completing the puzzle than virtual agents
with high intelligence. However, virtual agent knowledge-
ability did not impact puzzle completion time under our
experimental setup.

Collaborating with low intelligence virtual agents required par-
ticipants to correct their moves by replacing the puzzle pieces,
which took them longer to solve. It reflected the cognitive load the-
ory and suggested that human working memory is limited, requir-
ing more time when dealing with tasks of higher complexity [34].
Contrarily, the virtual agent’s knowledgeability showed no impact,
reflecting that conversing with both low and high knowledgeability
virtual agents in our experimental settings did not significantly
impact users’ cognitive load in solving the puzzle. We argue that
results might differ if the jigsaw puzzle co-solving task was more
complex and required more participant retention with the interven-
tion of conversational exchanges.

e RQ3-2: Virtual agents with low intelligence were associ-
ated with a higher number of puzzle pieces completed by
participants compared to those with high intelligence, and
agents with high knowledgeability led to more pieces com-
pleted than those with low knowledgeability. Moreover, a
significant interaction effect indicated that under high intelli-
gence conditions, more puzzle pieces were completed by the
participants when interacting with a high knowledgeability
virtual agent. However, this result is reported alongside a
potential interaction design confound in our current applica-
tion, where high knowledgeability agents hold on to puzzle
pieces while speaking.

Similarly, collaborating with low intelligence virtual agents re-
quired participants to solve more puzzle pieces by themselves, re-
sulting in a higher number. Interestingly, we also observed that
the number increased when interacting with high knowledgeabil-
ity virtual agents. This could result in a system design decision.
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In our application, we set the virtual agent to concentrate on the
participant while exchanging conversations. We set this design im-
plementation, assuming the participants would pause or slow down
with the jigsaw puzzle co-solving task when the virtual agent spoke.
However, our participants tend to multitask and still engage with
the puzzle at a similar speed while listening to agents’ responses,
even when told they would have sufficient time to finish the puzzle.
This resulted in more puzzle pieces completed by participants in
higher knowledgeability conditions since higher knowledgeabil-
ity virtual agents provide a more extensive exchange, giving the
participants more time and opportunities to complete the puzzle
while the virtual agent was speaking. This result also indicated that
participants were able to manage their cognitive load effectively
despite the multitasking setting, implying that solving the puzzle
while conversing with the virtual agent about art may not have
exceeded their cognitive capacity, which would cause retention
loss and reflect on task completeness [78, 104]. This might also
indicate that our participants focused more on task completeness
in puzzle solving, as observed in qualitative feedback, that they
would be more frustrated when the virtual agent could not solve
the puzzle correctly than when the virtual agent did not have higher
knowledgeability of the artwork.

e RQ3-3: Virtual agents that appeared more intelligent and
more knowledgeable were looked at more by participants,
with an interaction effect showing reduced gaze in low in-
telligence conditions. As for gaze toward the puzzle goal
board, although there was a significant interaction effect,
pairwise comparisons for knowledgeability within both low
and high intelligence levels did not reach significance. This
indicated that the observed interaction may reflect a broader
trend, as knowledgeability did not produce statistically re-
liable differences within each intelligence level, suggesting
its influence on gaze behavior emerged only in combination
with intelligence. Lastly, virtual agents with low intelligence
led participants to focus more on the puzzle pieces.

According to past research [61, 68], gaze fixation strongly in-
dicates users’ attention and cognitive focus on specific elements
during a task. Participants needed to focus on correcting the puzzle
pieces when interacting with low intelligence virtual agents; this
resulted in an increase in dwell gaze distribution on the puzzle
pieces and a decrease in dwell gaze on the virtual agent. Contrarily,
when participants solved the puzzle with the high intelligence vir-
tual agent, they did not need to correct the agent’s mistakes. Thus,
instead of checking the puzzle pieces to correct them, they gaze
at the virtual agent longer. Moreover, our system design provided
more extended dialogues from high knowledgeability virtual agents,
which might also result in longer dwell gaze on the virtual agents
in such conditions.

5.4 Conversational Dynamics

We also examined how the virtual agents’ knowledgeability and
intelligence influenced the content and flow of conversations. Partic-
ipants’ engagement in either art-related or puzzle-related dialogue
reflected not only the agents’ design but also participants’ adaptive
communication strategies during collaboration.

e RQ4-1: Virtual agents elicited more art-related conversa-
tions from participants under high intelligence and low
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knowledgeability conditions, and more puzzle-related dis-
cussions under low intelligence and low knowledgeability
conditions.

These findings showed that participants were more engaged in
art-related topics when conversing with high intelligence virtual
agents. When the virtual agent was more competent in solving the
puzzle, participants would focus more on art-related topics. Partici-
pants reported their experience as enjoyable and desirable when the
virtual agent could provide informative content and facts about the
artwork or the history behind the art piece, which was reflected in
the high percentage of art-related exchanges in the transcripts. This
expanded Frummet et al’s [41] study, where they discovered more
knowledge accumulation when interacting with an active digital
cooking assistant. Our result echoed that expertise in virtual agents
also enhances knowledge accumulation through conversational
interaction. The results where participants responded more on
puzzle-related topics in low knowledgeability conditions reflected
their focus on the jigsaw puzzle co-solving task while interacting
with virtual agents of less knowledge in art. Moreover, we noticed
several attempts by participants to correct the virtual agents’ ac-
tions or suggest better workflows when the virtual agent was not
capable of solving the puzzle in low intelligence conditions, result-
ing in an increase in puzzle-related responses from the participants.
Collaborative tasks incorporating conversational interaction allow
participants to point out the problem directly through free-flow
exchanges. We attribute the result of fewer art-related responses in
low knowledgeability conditions to high knowledgeability agents
giving longer and more informative responses, taking up more
time within the session time, resulting in fewer responses from the
participants. In addition, although we did not program the virtual
agent to alter its behavior based on participants’ verbal corrections,
we observed that participants preferred the virtual agent acknowl-
edging their mistakes and performing changes accordingly. This
exploration extended Choi et al’s [28] study on the self-correction
behavior of virtual agents during a puzzle co-solving task. We ar-
gue that acknowledging mistakes through utterance could enhance
participants’ interaction experience with the virtual agent.

5.5 Design Considerations

Based on our findings and participants’ feedback, we propose four
main design recommendations for developing collaborative conver-
sational virtual agents that are both intelligent and knowledgeable.

e According to the findings in RQ1, virtual agent intelligence
and knowledgeability are traits that can be designed differ-
ently and shape human perceptions simultaneously. When
designing virtual agents, we should acknowledge the differ-
ences between these cognitive behaviors to guide develop-
ment approaches and set appropriate user expectations.

e According to the findings in RQ2, in task-oriented applica-
tions that require cognitive abilities, such as solving a jigsaw
puzzle, an intelligent virtual agent should complete a given
task well on its own. This, in turn, can improve human per-
ception of co-presence with the agent, reduce uncanniness,
and enhance rapport and trust. Similarly, a knowledgeable
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virtual agent should provide in-depth information as a re-

sponse to the user’s query, as a highly knowledgeable virtual

agent that offers in-depth information can boost user trust.
e According to the findings in RQ3, agent intelligence and
knowledgeability levels can impact task competence and also
shift users’ focus. When designing situated human-agent
interactions involving multiple agent modalities, researchers,
VR designers, and developers should consider how agents’
different cognitive abilities may jointly shape users’ attention
allocation, cognitive load, and further alter their interaction
with the agent.
According to the findings in RQ4, together with participants’
feedback, it is suggested that when interacting with highly
knowledgeable virtual agents, the delivery style can influ-
ence user perceptions of human-likeness and rapport. While
detailed information is beneficial, overly mechanical or rigid
delivery may create eeriness and reduce user comfort. In ad-
dition, an overemphasis on delivering detailed content may
unintentionally shift the agent’s role from a task collaborator
to an informational provider, making the virtual agent less
human and more instructional, thereby reducing conversa-
tional reciprocity. Researchers and VR developers should
consider this by ensuring that virtual agents express knowl-
edge in a comprehensive yet balanced manner to maintain
user engagement.

5.6 Limitations

Our study has several limitations that need to be addressed. While
these limitations highlight areas for improvement in future studies,
they also provide important context for interpreting our findings,
without compromising the validity of our results.

First, our structured experimental design focused on a single
factor of intelligence and knowledgeability. We only take the virtual
agent’s ability to solve jigsaw puzzles to evaluate its perceived
intelligence. However, intelligence may encompass several factors,
such as linguistic intelligence, logical-mathematical intelligence,
or spatial intelligence [44]. Similar to knowledgeability, although
we instructed our participants to converse with the virtual agent
about the puzzle art piece, we did not restrict them to the topic
they conversed about, and through free-flow conversations, as it
is natural to jump topics through conversational exchanges. With
this limitation, the virtual agent can share information on another
endeavor that might enhance ratings on perceived knowledge. We
tried to minimize this limitation through the design of our survey
and only focused on evaluating participants’ perceived knowledge
of the virtual agent in the domain of art.

Second, the exclusive use of a female virtual agent might have
introduced a gender effect, potentially influencing perceived intel-
ligence through physical attractiveness [58]. However, it is worth
noting that a recent systematic review [111] reported that female
agents are disproportionately prevalent in conversational virtual
reality applications, suggesting a broader design bias that may also
shape user perceptions. Moreover, we omitted measuring partici-
pants’ anthropomorphism tendency, which limited our ability to
evaluate its moderating role.



On the Intelligence and Knowledgeability of Virtual Agents

Third, our participants reported the virtual agent’s unnatural
behaviors and animations in their open-ended feedback. The lim-
itation of perfecting virtual agents’ conversational gestures and
making them more human-like remains challenging. This limitation
might impact participants’ experience, but should not alter our re-
sults in exploring the effect of agent intelligence and knowledgeabil-
ity. Moreover, the response delays due to API latency throughout
the conversational interaction also influenced participants’ experi-
ences. This system limitation, caused by connection or API stability,
sometimes disrupted the natural flow of conversation and may have
affected how participants perceived the virtual agent’s responsive-
ness or conversational competence. Additionally, there was a design
oversight in high knowledgeability conditions where the agent held
on to a puzzle piece while speaking. Because of this behavior, there
might have been a confound affecting how the results should be
interpreted.

Fourth, we missed the opportunity to explore the effects of longer
interaction durations and gain a deeper understanding of partic-
ipants’ fatigue levels in the immersive environment. Our exper-
imental design imposed a five-minute time limit for each condi-
tion, which may have limited our ability to observe participants’
perceptions under extended exposure to the virtual agent in the
virtual environment. Also, we missed the opportunity to investi-
gate whether participants’ responses were influenced by fatigue or
disengagement over time, which could have confounded the results.

Fifth, we measured how long participants gazed at the virtual
agent, puzzle goal board, and puzzle pieces using a pseudo-eye-
tracking approach. However, we did not record how long partici-
pants gazed at specific body parts of the virtual agent, such as its
face or hands, as all body parts of the virtual agent were tagged
with the same key in our implementation. Moreover, we did not
measure how much the virtual agent gazed at participants during
co-solving a jigsaw puzzle. Due to these missing measurements,
we were unable to engage in deeper discussions of gaze behav-
iors, including mutual and shared gaze between a human and an
agent [6, 7].

Lastly, the ramifications of our experimental design may not
accurately replicate the real-world interaction. Yet, we design the
system from an experimental point of view to provide insight into
agent intelligence and knowledgeability. In addition, although the
number of participants (N = 24) satisfied the minimum sample size
required by our power analysis, it represented the minimum and
was restricted to a specific age and education level group.

6 Conclusion and Future Work

In this study, we investigated the nuanced interrelation between
the virtual agent’s intelligence and knowledgeability. We focused
on how these two factors influence participants’ perceptions of
the virtual agent, their social and emotional experiences, and their
intricate interaction dynamics in an immersive VR environment.
Through our experimental design of a collaborative jigsaw puzzle
co-solving task featuring conversational virtual agents with low
and high knowledge about art, we gained insight into how par-
ticipants interpret and respond to these cognitive traits of virtual
agents. Our research is inspired by neuroscience and cognitive
science foundations, highlighting the distinction between human
intelligence and knowledgeability, and we simulate such abilities in
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virtual agents. We extend this concept and connect it with the field
of human-agent interaction, aiming to offer a deeper understand-
ing of the design of virtual agents’ cognitive abilities and human
perceptions.

Future work can explore how different designs of virtual agents’
cognitive dimensions impact human perceptions in immersive envi-
ronments. For instance, emotional intelligence, creativity, reasoning,
learning, and memorizing capability, to name but a few. Further-
more, understanding the effect of multitasking task complexity
through incorporating different levels of cognitive load tasks would
also be an interesting area to explore. By examining these cognitive
traits across diverse tasks, we can reshape how we design virtual
agents and support the development of more socialized, adaptive,
and effective virtual agents.
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