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Abstract
Successful conversations require speakers to align on conceptual
understanding, a challenging but crucial task in human-robot in-
teraction. With the increasing use of large language models for
dialogue, robots move from passively acquiring human conceptual-
izations to actively shaping alignment. However, the design space of
such alignment dialogues and how different strategies are perceived
and interpreted by people remain poorly understood. This paper
presents a structured exploration of alignment strategies. First, we
collect and analyze human dialogues from an alignment task to
derive two design dimensions and four representative strategies.
We then implement the strategies in a user study with a simulated
robot, in a household organization scenario. Building on the find-
ings, we develop the dimensions and strategies into a design space,
with considerations for potential factors and trade-offs. We con-
clude by discussing how this design space can aid in the generation
and analysis of alignment strategies, and implications for future
research.
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1 INTRODUCTION
Concepts are fundamental carriers of meaning in dialogue. They
allow people to refer to complex ideas, reason about categories, and
coordinate action.Muchwork has been done to equip robots with an
understanding of human concepts to enable interactive learning[23,
32, 37], long-term interaction[40], and personalization[30, 40]. This
is a challenging but crucial task, not only because these concepts
must be linked to real-world entities like objects and places, but
also because the meaning of these concepts is often dynamic and
co-constructed in situated interactions[7, 46, 47]. Studies of both hu-
man and human-robot dialogue have shown that people engage in
conceptual alignment[4, 21, 40, 47, 51], where speakers interactively
build shared meaning for concepts. In human dialogues, conceptual
alignment is a mutual and negotiative process. Speakers adopt a
variety of strategies to refine, generalize, redefine, or even abandon
the very concepts under discussion in order to establish a mutual
understanding[7].

Despite typically being framed as passive learners that acquire
concepts by interacting with people (e.g., [11, 37]), robots also
have a role in actively shaping conceptual understanding and use.
Experiments have shown that people change their conceptual usage
to match the robot’s level of abstraction when naming objects[16,
22]. With the introduction of large language models (LLMs) for
human-robot dialogue, designing and implementing robot dialogue
that actively shapes conceptual understanding in a human-like
manner becomes feasible. People have been found to align more in
conceptual understanding for objective concepts after conversing
with an LLM-based social robot[46].

Yet, how this phenomenon could inform the design of human-
robot dialogues has been under-explored. Sherer et al. found that
prompting for different personalities had no notable effect[46]. But
beyond high-level traits like personality, studies that directly ex-
plore different dialogue properties have been lacking. We argue
that this endeavor is hindered by a lack of structured understanding
of the design space of robot dialogues for conceptual alignment,
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namely what dimensions structure the space of possible alignment
strategies, as well as how different strategies within this space may
be perceived by people and constrained by the task and interac-
tion context. As such, it is unclear what design variations could be
explored and what potential effects to take into account.

To address this gap, we conducted two studies. The first is a
formative study that aims to derive design dimensions and align-
ment strategies from people’s dialogue behaviors. The second study
implements these strategies in a human-robot interaction scenario
to examine user perceptions and context- and task-related factors.
This allows us to identify key constraints and inform design con-
siderations. For the first study, we collected a corpus of human
dialogues from 48 participants through a conceptual alignment
task. We then engaged 7 researchers and design professionals in a
repertory grid analysis and derived two design dimensions along
with four representative alignment strategies. For the second study,
we transformed and implemented these strategies into an LLM-
based virtual robot in a simulated household object organization
scenario, and tested with 16 participants. Synthesizing results from
the implementation and participants’ feedback, we present the di-
mensions and strategies as an updated design space, together with
potential factors and trade-offs to consider for strategy selection.

Through this work, we aim to provide a starting point for more
systematic exploration of how conceptual alignment may be uti-
lized in HRI design. Rather than prescribing optimal strategies by
measuring task performance, our approach is design-focused. We
aim to structure the space of possibilities and understand how dif-
ferent strategies within this space are interpreted and constrained
in interaction. We contribute to human–robot alignment and LLM-
based dialogue design by 1) deriving key design dimensions and
representative strategies for conceptual alignment from human di-
alogue, 2) implementing and empirically studying these strategies
in an HRI task to understand how they are perceived and evalu-
ated, and (3) synthesizing these findings into an expanded design
space that articulates dimensions, trade-offs, and contextual factors
to support the analysis and generation of alignment strategies in
future research and design.

2 RELATEDWORK
2.1 Conceptual alignment with robots
Equipping robots with human concepts has been a long-time goal in
robotics. Technical methods have been proposed to acquire concepts
through dialogue, especially those crucial to the robot’s function.
These include categorical (“stuffed animal”, “soft object”)[23, 32],
perceptible (colors, shapes, angles)[37], actionable (“take”, “grasp”)[3,
11], abstract (numbers)[11], and referential (“this”, “that”)[13] con-
cepts. However, most of these methods frame the process as the
robot passively learning concepts from humans, typically relying
on a limited interaction strategy such as a question-asking loop,
without studying the effect of these dialogue behaviors embedded
within the methods.

Meanwhile, studies on reference and lexical alignment in human-
robot dialogue have shown that dialogue design could have an
impact on its effectiveness as well as people’s perceptions and sub-
sequent behavior. People preferred the robot to match people’s
referential terms instead of receiving instructions on how to refer

to objects[29]. Presenting referential concepts upfront and using
full names have been shown to lower required repetitions and
improve understandability[20]. And in storytelling with a robot,
matching children’s word choice led to improved acceptance of
robot suggestions[9]. Meanwhile, people consistently align their
lexical choices when talking to humans and robots[10], matching
the robot’s choice of concept[51], level of abstraction[16], and con-
ceptual understanding[46]. These findings highlight the importance
of dialogue design in supporting successful alignment, and that
understanding human conceptual alignment behavior may pro-
vide useful guidance for generating potential strategies. However,
existing work mostly focused on referential concepts and lexical
choice, and only studied the effects of single strategies. A more
comprehensive understanding of available strategies and selection
considerations remains lacking.

2.2 Alignment behaviors of large language
models

The generative nature of large language models means that LLM-
enabled robots could potentially produce dialogues that ideate,
refine, or transform conceptual understanding, which were pre-
viously difficult to achieve. Work has begun to understand their
capabilities and limitations in aligning conceptual understanding
with people through interaction. In this regard, Rane et al. empha-
size the importance of aligning LLM conceptual understanding to
that of humans, and pointed towards interaction as a key source
achieving this[40]. Shen et al.’s review argued for a shift towards
a bidirectional view of LLM alignment through long-term inter-
action, instead of a technical-oriented view of static adherence to
average human preferences[45]. Our work extend these arguments
into a design-oriented perspective, and view alignment as an evolv-
ing state of mutual conceptual understanding that can be actively
designed for by shaping LLM dialogue behaviors.

Although not directly targeting robots and conceptual under-
standing, researchers have also begun to study whether LLMs can
effectively build shared understanding with people in dialogue.
Grounding is one of the key mechanisms people use to establish mu-
tual understanding[17, 18], including that of concepts[7]. It refers to
actions in a dialogue that ensure mutual understanding[6, 18], such
as asking questions or giving acknowledgment[18]. Current LLM-
based dialogue agents notably lack grounding behaviors. Study
has shown LLMs as “presumptive grounders”, presuming under-
standing while skipping essential feedback signals or checks, which
creates a significant grounding gap compared to human conversa-
tion [43]. Meanwhile, incorporating mechanisms informed by an
understanding of human dialogues has the potential to improve
LLM behaviors[42]. Subsequent research explored how to sym-
bolically ground social norms to better align LLM behavior with
culturally shared expectations [39], and constructed a grounding
benchmark from human–LLM interactions to quantify and pre-
dict LLM behaviors[44]. These studies, while limited to grounding
behaviors, suggest the continued importance of dialogue design
in the age of LLM-powered conversational agents and a need for
more comprehensive exploration of dialogue strategies of LLMs in
conceptual alignment. While some work have begun to understand
the effect of, e.g., LLM personality prompts on alignment with a
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robot[46], empirical work that directly address how to design for
this interactive alignment of conceptual meaning is still scarce.

2.3 The design space of human-agent dialogue
Design space is a notionwidely used inHCI andHRI design research.
While there is no single definition of what constitutes a design space,
a commonly used notion consists of a set of design dimensions or
attributes of interest that together describe the possible range of
solutions to a design problem (e.g., [2, 25]). Design spaces can be
developed inductively from a set of concrete design artifacts curated
to represent the span of possible solutions, using methods such as
design space analysis[35], the repertory grid technique[25, 48], or
with the support of dedicated tools[24].

In human-AI interaction, design spaces can be used to structure
AI agents’ behaviors and explore potential design directions (e.g.,
see [28, 38]). This approach is particularly evident in studies of
human-agent communication, where possible dialogue behaviors
or strategies are mapped out within a design space. Work in this
regard has been done on intelligent dialogue augmentation[12],
human-AI model communication[50], and intent communication
for industrial robots[15].

We adopt a design space approach because the range of possible
alignment strategies remains unexplored. Rather than evaluating
a few pre-existing strategies, we aim to map the dimensions that
structure this design space, enabling systematic generation and
analysis of strategies. For this purpose, we use the repertory grid
technique[48], which elicits the constructs people use to distinguish
between examples (dialogue transcripts in our case). This method is
well-established in HCI for deriving design dimensions inductively
from a corpus of artifacts [25, 33, 36].

3 FORMATIVE STUDY
Observation of human interaction have long been used in HRI to
derive social interaction patterns that could transfer to human-
robot interaction[27, 41]. Our formative study aims to understand
the possible range of alignment strategies, and follows this rationale
through a three-step process. We first collected a corpus of human
dialogues using a custom-designed alignment task. The corpus was
then analyzed following the elicitation process of the repertory
grid method[48] with participants that have expertise in human-
robot and human-agent communication. This method produces
pairs of constructs that differentiate elements within a set. When
applied sets of different designs, these pairs can be interpreted as
design dimensions, making it a long-used method for design space
construction in HCI (e.g., see [33, 36]). Through this process, we aim
to derive design dimensions that describe different approaches to
affect conceptual understanding and establishing alignment. Finally,
we propose four representative dialogue strategies by combining
these dimensions and drawing from observed dialogue behaviors
in the corpus.

3.1 Corpus collection
Past work that studied conceptual alignment in a human-robot con-
text commonly used the picture-naming task in psycholinguistics[5,
16]. It involves participants alternately selecting a picture matching
a name provided by an alleged partner (either human or robot)

and then naming that same picture themselves. As such, it mea-
sures whether speakers apply a concept to objects in the same way
within the context of a task. The task design is useful for our pur-
pose for the three reasons. First, the design reflects the features
of human-robot dialogue, where the concepts are often grounded
in real-world entities. Second, the distinction between matching
(concept-to-image) and naming (image-to-concept) distinction cap-
tures the bidirectional relation between concepts and the real-world
phenomenon that they represent. Finally, it makes explicit the dif-
ferences in participants’ actual usage of concepts and therefore may
uncover misalignment where oral discussion alone cannot.

However, typical picture-naming tasks did not necessarily in-
voke naturalistic dialogues transferrable to actual real-world HRI
contexts, as the task focuses on invoking words or phrases attrib-
uted to the task objects in a one-to-one relation. Therefore, in our
task design, we retain the general task of concept-image matching,
but include three key adaptations.

Figure 1: The six sets of concepts and a subset of the 240
object images we curated. Labels show the concepts, their
concreteness, as well as the general category they represent.

First, we make use of multiple images of different everyday ob-
jects andmultiple conceptual categories each time, instead of one-to-
one matching. We specifically curated a set of images and concepts
to create ambiguity and therefore lead to potential misalignment
in understanding. We focus on images of everyday objects, as this
is more relevant to a domestic robot usage scenario. The concepts
that a robot may encounter could range from directly perceptible
ones (“red”, “put”) to those describing higher abstractions (“tools”,
“healthy food”)[11]. We prepared images representing concepts in
various levels of concreteness referring to [8], which provided con-
creteness ratings for common English terms. Concepts with a high
level of concreteness are those that are related to perceivable as-
pects of an object, such as shape, colors, and materials. Concepts
with a low level of concreteness are defined as those related to
imperceptible attributes, such as function, manufacturing process,
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or cultural significance. The concepts were selected and grouped
into sets of three by brainstorming potentially ambiguous objects
for pairings of concepts. Concepts with more ambiguous objects,
and thus with a high degree of overlap, are selected and grouped. 40
images were selected for each group, resulting in 240 images. The
detailed curation process of the concepts and images is in Appendix
A. An example of the concepts and images used, and their level of
concreteness can be seen in Figure 1.

Second, we extend the original bidirectionality in the picture-
naming task to multiple images and concept categories as well.
Similar to the matching and naming steps, we designed two forms
of our task: classification and formation. The classification task
gives participants three predefined concepts (i.e. category names),
and asks them to sort the images into these categories according
to their understanding (see Figure 2(a)). The formation task asks
participants to form concepts (i.e. category names) by themselves,
and to sort the images into self-defined categories (Figure 2(b)).

Third, we add a discussion session after the task to elicit free-
form alignment dialogues. Participants review their sorting results,
and are instructed to try and reach a consensus on their conceptual
understanding. The instruction is provided as topical guidance, and
consensus is not mandatory.

Our task design abstracts away domain-specific content to focus
on the underlying process of conceptual alignment. The dimensions
and strategies we derive should, therefore, transfer across domains
where people negotiate conceptual meaning with a robot. This
expectation is consistent with prior work showing that alignment
behaviors observed in controlled human naming tasks generalize
to robots[16, 22] and to more naturalistic HRI settings[46].

Figure 2: An overview of the proposed concept alignment
task, where a pair of participants (human-human or human-
LLM) sort images of objects based on their understanding of
concepts. (a) and (b) show two forms of the individual task.

Participants. We recruited 48 participants through three major
social media groups (400–500 members each) of the College of
Design and Innovation at Tongji University. 29 of the participants
identified as female, 13 as male, and 6 chose not to disclose their
gender. Most of the participants (N = 42) reported that their age
was between 18–30 and two between 31–40 years. All participants
were native and fluent speakers of Mandarin Chinese. The example
quotes in the following sections were translated into English by
the first author. Participants were compensated for 35CNY.

Data collection and processing. The study was conducted using
online meeting software1. After signing a consent form, partici-
pants entered an online whiteboard2, and shared their screen. The
whiteboard contained 20 photos of objects and three areas for sort-
ing, performed by dragging the images. The areas were labeled with
the concepts for the classification task, and empty textboxes for
formation. We then introduced the tasks using an example. Each
pair performed both the classification and formation task in ran-
dom order, using a different set of concept and images each time,
with a five-minute break in between. This ensured that the corpus
contained both task types in both round positions while reducing
potential learning effects or fatigue. Procedural learning may nev-
ertheless have influenced second-round discussions. However, in
these cases, the potential variations they may have introduced were
not deemed problematic, as the subsequent analysis benefits from
dialogues under diverse conditions.

Each discussion took around 10 minutes, and with additional
time for instruction and sorting, each experiment session typically
lasted around an hour. Audio from discussion sessions was recorded
along side with automatic transcriptions from the meeting software.
The automatic transcriptions were manually corrected for errors.
We recorded 2677 conversational turns from 48 discussions (24
participants pairs, two discussions per study session), averaging
to around 57 turns per discussion. At the end of each discussion,
participants were also asked whether they felt they had reached
a consensus. 30 out of 48 discussions resulted in the speakers re-
porting a perceived consensus, and 18 without. This was recorded
to help assess the diversity of the dialogues. No discussions were
excluded based on the perception of concensus.

3.2 Analysis
To derive strategies from the dialogues, we adopted the repertory
grid method for data analysis[48]. The elicitation process of the
repertory grid method typically involves repeatedly drawing tri-
ads of “elements” and asking the participant to give two opposing
constructs that distinguish one element from the other two[48].
In our case, each dialogue transcript served as one element. As
the repertory grid technique benefits from participants who can
articulate the dimensions underlying their judgments, we recruited
seven researchers and designers who have studied human-robot
communication or conversational agents. The number of partici-
pants recruited was decided by our criteria of saturation, which
means that no meaningfully different constructs were proposed
by three consecutive participants. Their relevance to the topic of
this study is listed in Table 1. For each randomly drawn triad of
transcripts, the participants proposed constructs (e.g., “agreeable vs.
contrarian”, “concrete vs. abstract”) describing how the dialogues
differed in their alignment strategies or style. Table 2 shows ex-
cerpts from the constructs generated. Participants repeated this
process until no more constructs were proposed for at least three
consecutive triads.

The first author then synthesized recurring patterns across all
proposed constructs. Constructs describing general dialogue proper-
ties (“long vs. short”), cannot be mapped to an individual (“balanced

1Tencent Meeting, https://meeting.tencent.com
2FigJam, https://www.figma.com/figjam/
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Table 1: Participants of the dialogue analysis, their expertise,
and relevance to robot dialogue design.

ID Relevant expertise
R1 Human-robot knowledge communication.
R2 Human-robot knowledge communication.
R3 Robot end-user development through dialogue.
R4 Active questioning strategy for robot continuous learning.
R5 Designing LLM products.
R6 Active questioning strategy for continuous learning.
R7 Persuasive social robots.

vs. imbalanced”), or only describes a single dialogue action (“talk
about own opinions first” vs. “comment on the other first”) were ex-
cluded. The remaining constructs directly characterized how people
approached conceptual alignment, and were thematically grouped.
Through this process, we identified two dimensions that effectively
synthesized the constructs proposed by all seven participants. The
full, translated list of constructs generated by the researchers, as
well as the dimensions and corresponding constructs can be found
in the supplementary materials.

As shown in Table 3, the first dimension is whether the speaker
is adopting vs. asserting ideas. In many cases, the researchers differ-
entiated the participants’ approaches by how much the speakers
accommodated each other’s conceptual understanding. In adopting
dialogues, the speakers were highly adaptive, adjusting their under-
standing to align with their partner’s. Participant of these dialogues
often focused on trying to understand each other and expressed
agreement. In the constructs, they were described as “agreeable” or
“focusing on understanding the other”.

On the contrary, in asserting dialogues the speakers often fo-
cused on providing their own views, or engaged in extensive debate
to convince their partner. In the constructs, they were described
as “contrarian” or “focusing on expressing oneself”. Overall, this
dimension captures different orientations towards personal under-
standing: prioritizing the speaker’s own conceptual understanding
or that of others.

Below shows part of a dialogue where both speakers were as-
sertive. They took turns talking about their beliefs and reasoning,
and challenged those of their partner’s. There were expressions
of acknowledgment, but not acceptance. This discussion ended in
disagreement.

A: What’s your definition of “biological things”?
B: [...] Something produced by an organism, different

from itself.
A: Then why did you put the clay in there?
B: Because I considered it soil.
A: Oh. Then shall I tell you my definitions?
B: Okay.
A: I think artificial things are... (omitted for brevity.)
B: Then why are the peppers not in here?
A: What peppers? (pause) Oh, I didn’t think of that.

(Session 22, classification task.)

Maintaining vs. transforming existing understanding. Another
common way to differentiate the approaches to alignment was by
exactly how readily the speakers develop new understanding dif-
ferent from their existing ones. Maintaining dialogues, described as
“concrete”, “only acknowledging” or focused on “individual place-
ments”, typically saw the speakers going through each differing
object or category, asking questions and giving explanations. The
dialogue shown above is also an example where both took a main-
taining approach. The speakers focused on understanding each
other’s existing conceptions instead of creating new ones.

Meanwhile, the most typical transforming dialogues saw the
speakers abandoning their personal definitions or categorizations
altogether and forming new ones during their discussion. These
dialogues were characterized as “abstract”, “happy to give ideas”,
or focused on “rules and definitions”. Overall, this theme captures
different orientations towards changing existing understanding:
prioritizing what is agreed and fixing what isn’t, or changing both
to resolve conflicts on a higher level.

Below shows part of a typical transforming dialogue, where both
speakers are willing to modify their understanding. Notably, this
time the two speakers differed in the asserting–adopting dimen-
sion. Speaker A leaned towards asserting, explaining their beliefs
and providing judgment. Meanwhile, B seemed more adopting by
mostly agreeing, asking for A’s thoughts, and confirming their
understanding.

A: Oh! [What you just said] inspired me. We can sort
by shape. For example...

B: Go on, please.
A: All those things with rectangular shape and hard

edges, we put them in one place. Things with irreg-
ular shape is another.

B: Oh, but most of them seems rectangular. Like the
second one...
(Some turns omitted for brevity)

A: We can define these things ourselves. Like the pink
plaque. We can define it very strictly and count
boxes with [rough] edges as irregular. [...]

B: You mean the pink thing that looks like a pill box?
A: Yes. Like, I think we can set a standard [for “regular

shape”]. It has to have very, very right angles and
regular shapes.

B: Oh. This might [work]...
(Session 7, formation task.)

3.3 Generating dialogue strategies
The two dimensions describe how people’s approach to alignment
differed. By combining typical behaviors at both ends of the di-
mensions, we further defined four design strategies that can be
implemented as robot dialogue behaviors (shown below in Figure
3).

Confirm. The combination of adopting and maintaining means
focusing on acquiring the current conceptual understanding of the
other person. In the human dialogue data, this was mostly done
through asking informational or clarifying questions. The confirm
strategy therefore focus on asking for information or confirmation
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Table 2: Example constructs produced by the participants of the formative study.

Researcher Construct 1 Construct 2
R1 Agreeable Contrarian

Focus on clarifying uncertainty Focus on giving out opinion
R2 Aim to understand Aim to agree

Clear resolutions No clear resolutions
R3 Concrete Abstract

Discuss Debate
R4 Happy to give ideas Only acknowledging

Agreement on examples Agreement on rules
R5 Persuasion Collaboration

Bottom-up Top-down
R6 Sort first, define later Define first, sort later

Guiding questions Direct challenge
R7 Debate Collaboration

Resolve differences by assertions Resolve differences by questions

Table 3: Key dimensions identified from the repertory grid analysis.

Dimension Example constructs
Adopting
vs.

Agreeable, easily convinced, focus on clarifying uncertainty,
focus on understanding the other.

Asserting Contrarian, extensive debate, focus on giving out opinion,
focus on expressing oneself.

Maintaining
vs.

Focus on individual placements, concrete, only acknowledg-
ing, focus on differences.

Transforming Focus on rules and definitions, abstract, happy to give ideas,
focus on commonalities.

Adopting

Maintaining Transforming

Asserting

ProposeJustify

Confirm Generalize
“You mean the left 

cabinet, right?”
“Do all electronics go 

here? What about this...”

“Then let’s agree all ‘carry 
items’ belong at the door.”

“Because the pan is a 
kitchen appliance, so...”

Figure 3: The four dialogue strategies derived by combining
the constructs generated from our analysis. Each strategy is
illustrated with a piece of example robot dialogue, adapted
from data from our later study (Section 4.1).

to gain an understanding of the concepts that the user uses. We de-
fine two actions for this purpose. First, the robot actively detects key
concepts that is unknown or ambiguous, and actively ask questions

to resolve these uncertainties. Additionally, we include a proactive
aspect to this strategy by periodically summarizing and asking
questions to confirm the current agreed conceptual understanding.

Generalize. The adopting & transforming quadrant also requires
the robot to adapt its own understanding to the user, but by pro-
viding new conceptions and ideas. For this quadrant, we take in-
spiration from the fact that people sometimes used generalized,
abstract definitions to describe concepts, and used concrete exam-
ples for other times. The generalize strategy generalizes examples
into conceptual categories or provides new examples to enrich
the meaning of existing concepts. Under this strategy, when given
examples to a conceptual category, the robot responds with gener-
alized concepts, rules, or definitions. Inversely, concepts, rules, or
definitions detected in human speech should be challenged with
new edge-cases.

Justify. The asserting & maintaining quadrant means that the
robot should actively contribute to the dialogue by helping with
understanding on the user’s part. In our dialogue corpus, people
often provided justifications or explanations for their conceptual
understanding or usage. The justify strategy similarly focuses on
explaining the robot’s current understanding, as well as justifying
its actions using known concepts. The robot reacts to ambiguity or



Exploring Dialogue Strategies for Conceptual Alignment NordiCHI ’26, October 03–07, 2026, Vaasa, Finland

Figure 4: The experiment setup, showing (a) the simulated apartment scene with diverse receptacles, highlighted, (b) a subset of
the objects we provided, and (c) the chat interface participant used to communicate with the robot, translated from Chinese.
The dialogue uses the generalize strategy. Verbose text that does not affect understanding was omitted as “[...]”.

unknown concepts with explanation about why it cannot under-
stand, and respond to challenges or correction with justification
for its actions. Additionally, the robot proactively informs the user
of its conceptual understanding and capabilities.

Propose. The asserting & transforming quadrant similarly indi-
cates an active role for the robot, but aims for mutual understanding
by creating new conceptual interpretations or uses that both parties
agree on, instead of resolving current conflicts. In our corpus, when
people are faced with conflicting conceptual framing or under-
standings, they sometimes abandoned existing conceptualizations
in favor of a new, mutually proposed one. The propose strategy
therefore has the robot actively inventing new naming and con-
ceptual hierarchy, and proposing actions to be taken. The robot
suggests new concepts when old ones are ambiguous or unknown.
When faced with challenges or correction, the robot proposes ways
to avoid similar disagreements in the future. Additionally, the robot
prompts the user with suggestions on how to proceed with the task,
using new concepts to describe next steps in the process.

Together, these strategies serve as potentially viable and repre-
sentative dialogue designs that span the design space. They outline
how a robot might actively engage in conceptual alignment through
different combinations of adaptation and assertion, maintenance
and transformation.

4 EXPLORING THE STRATEGIES IN AN HRI
CONTEXT

The four dialogue strategies proposed in the previous section re-
main conceptual in nature. Their value depends on how they func-
tion in situated interaction: how they shape user experience, and
what trade-offs or challenges they introduce. To explore these as-
pects, we applied the strategies in a simulated domestic robot usage
scenario and examined how they can be implemented via an LLM,
how people may perceive and respond to them, and what factors
may have shaped people’s perception and response.

We chose to use a simulated task due to three considerations.
First, it allowed us to incorporate diverse and numerous objects to

simulate the communication need of a real-world moving and or-
ganization scenario. Second, it allowed us to focus the participants’
experience on dialogue behaviors instead of potential disruptions
due to manipulation and navigation issues. Third, this approach
reduces constraints for recruiting participants, as our set-up allows
for remote participation and lowers time requirement.

4.1 Task design
We designed a simulated home-organization task to elicit concep-
tual alignment dialogues in a real-world context. The task depicts a
scenario where the participants moves to a new apartment and talk
to a domestic robot (powered by an LLM) about their preferences
and plans for organizing the living room and kitchen space. The
robot demonstrates its understanding by sorting a set of house-
hold objects on to receptacles. This setting was chosen because 1)
object placement provides a clear, observable outcome for mutual
conceptual understanding, while 2) the open-ended nature of the
task as well as the large amount of objects involved encourages
communication at multiple conceptual levels (e.g., “stuff I often
use”, “utensils”, or names for individual objects and places). To
approximate the complexity of real-world home arrangement af-
ter moving, the task included a large number of items, with three
“boxes” each containing approximately 50 objects. This meant that
it was infeasible to simply dictate every placement, but instead
encourages communication using conceptual categories and rules.
Figure 4 illustrates the simulated apartment scene with receptacles,
objects, and a dialogue example.

Each participant interacted with the LLM-powered robot in four
rounds, with each round corresponding to one of the four dialogue
strategies. To explore potential effects of when the strategy is ap-
plied, we used a balanced 4×4 Latin square design[34] to ensure
that participants experience different ordering of the strategies in a
balanced fashion. In each round, participants engaged in dialogue
with the robot, after which the robot attempted to sort a new set
of objects based on what it had learned. The resulting placements
were then shown to the participant, who discussed them with the
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Figure 5: The robot implementation we used in the study, with simulated perception and action. The figure, from left to right,
illustrates how the robot response is generated given a user input.

robot to refine understanding. Notably, in the first round, partici-
pants had not yet seen any objects. Instead, they were prompted
to reflect on their general home organization habits and to tell the
robot about these preferences.

After completing all four rounds, participants took part in a
semi-structured interview. The interview consisted of two parts:
1) perceptions and experiences of the robot’s dialogue behaviors
across the four strategies, and 2) reflections on how an ideal concept
alignment process should unfold, including when each type of
behavior would be appropriate or inappropriate. For the first part,
we asked participants to describe their perceptions and experiences
first in general, then per-stage while going through the chat logs. A
similar process was followed for the second part, where participants
were asked about their dialogue reflections in general, and then
about each strategy and task stage (i.e., beginning, in-progress, and
final stages of a task).

We did not ask the participants to provide ground truth labels for
each round, since 1) it would take significant time and effort, causing
fatigue, and 2) our focus was not on evaluating the performance of
our specific system implementation, but to explore what potential
design constraints or factors may need to be considered when
applying the design space to create strategies.

4.2 Robot implementation
The simulated apartment scene was modified from assets provided
by the AI2THOR simulator[31]. The objects were manually se-
lected from the Objaverse dataset[19]. We implemented the strate-
gies using Qwen2.5-VL-32B[1], with retrieval-augmented genera-
tion capabilities using BGE-M3-Embedding and BGE-Reranker-v2-
m3[14, 52–54], and a dynamically updated graph-based knowledge
base representing the robot’s perception and conceptual under-
standing. The overall architecture is illustrated in Figure 5. The
architecture has the robot maintaining a multi-leveled stack of
alignment topics, adding to it when 1) it encounters unknown or

ambiguous concepts, or 2) the participant indicates a lack of mutual
understanding by asking questions or expressing disagreement.

The topics are addressed through prompting, and checked for res-
olution at every turn using a LLM module. The prompting method
for invoking the strategies was similar to that of [44], with strategy
instructions dynamically inserted into the message history when
handling a specific alignment topic. Additionally, we added prompts
at the beginning of each round to further reinforce the behavior. For
each strategy, the following prompts outline the robot’s behavior:

• General behavior defines overall guidelines for the dialogue,
specifying what dialogue behaviors should or should not
be present. This is inserted into the system prompt of each
round.

• Proactive behaviors occur when the robot encounters an un-
known or conflicting concept. These are inserted into the
message history before dialogue generation.

• Reactive behaviors occur when the user’s speech signifies
that there is misalignment. Similarly, they are inserted into
the message history before dialogue generation.

Figure 6 shows a translated example of the “generalize” strategy.
For brevity, the original prompts can be found in the supplementary
materials.

After each round, the LLM summarized learned rules from the
dialogue history, and generated a plan to applied these to newly
perceived objects. The sorting results are then displayed on the task
interface at corresponding locations. Different from Study 1, we
used text as the dialogue modality. This was to compensate for a
significant lag introduced by the multi-step prompting process in
order to produce the strategy behaviors, which rendered speech
interaction infeasible.

We intentionally limited the robot’s autonomy in two ways. First,
the robot did not autonomously decide between dialogue and physi-
cal action. Actions (i.e., sorting) were only executed between rounds.
Second, perception was simulated to save computational resources.
The robot received pre-generated object and scene knowledge each
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1. Instead of using examples and rules provided by the user, 
proactively mention new possibilities and cases. But immediately 
accept after the user rejects your proposals.

2. When the user provides a concrete example, extrapolate the 
instruction.

3. When the user provides an abstract rule, proactively come up 
with concrete examples that the user might not expect to further 
confirm the boundary of the rules.

4. If the user disagrees, or if some concepts are ambiguous or 
unknown, follow the immediate directions provided to you to 
resolve them.

5. Do not keep using the same phrasing. There must be variations.

<Concept extraction & retrieval results inserted here.>

If you encountered ambiguous or unknown concepts, likely the 
user's definition is unclear. You should proactively give examples 
that have not been discussed to clarify these concepts and resolve 
future discrepancies.

You could acknowledge what the user said first, then adapt one of 
the following templates:

- A, B, C are also X, do they also...

- X can also mean A, B, or C. Do I...

- What about A, B, or C...

And so on.

Your goal now is to get the definition and then remember them. Do 
not say other things, but you can adapt what you say based on the 
context to make it natural. X, Y, A, B, and "..." are placeholders. You 
need to fill in concrete information. They must be previously 
unseen, unexpected, but also logical things. Do not output the 
templates unmodified. Do not use the same template repeatedly.

<Intent detection results (question/correction) inserted here.>

If the user questions or criticizes your conceptual usage, likely your 
definition is unclear. You should proactively give counterexamples 
to challenge its definitions, and push each other towards 
understanding its meaning and resolve future discrepancies.

You could acknowledge what the user said first, then adapt one of 
the following templates:

- A, B, C are also X, do they also...

- From my understanding, X can also mean Y, Z... So in the future...

- I think A, B, or C should also be...

And so on.

Your goal now is to give more examples that the user might not 
expect to make conceptual definitions clearer. You can adapt what 
you say based on the context to make it natural. X, Y, A, B, and "..." 
are placeholders. You need to fill in concrete information. They must 
be previously unseen, unexpected, but also logical things. Do not 
output the templates unmodified. Do not use the same template 
repeatedly.

(a) Prompt for general behavior (b) Prompt for proactive behavior (c) Prompt for reactive behavior

Figure 6: Translated prompts for the “generalize” strategy, specifying the behaviors defined in Section 3.3. (a)–(c) show the
three types of prompts. Figure 4(c) shows a realization of the prompted behavior.

round, created from pre-rendered images using the same language
model employed for dialogue. These constraints allowed for con-
sistent experiences of strategy behaviors and ensured sufficient
dialogue length, leading to a more controllable study process.

4.3 Data collection
We recruited 16 participants (11 female, 4 male, 1 unspecified) via
social media and word-of-mouth. Participants ranged in age from
20 to 59 years (M=27.9, SD=13.1), with the majority in their 20s
(N=12). All participants were native speakers of Mandarin Chinese.
The study was conducted remotely using online meeting software3.
The participants were explained the study purpose, procedure, data
collection plans, and their rights to withdraw. With signed con-
sent from the participants, we collected their demographics, and
recorded the screen sharing and voice of the interview portion.
The voice recordings were transcribed into text for analysis. Each
round took around 15 minutes. With introduction, breaks, and the
final interview, each experiment session typically took 1 hour 30
minutes to 2 hours. Each participant was financially compensated
for 60 CNY.

4.4 Data analysis
Interview transcripts were analyzed using qualitative content and
thematic analysis. For the first part of the interview (i.e., partic-
ipants’ perception and experience), we applied content analysis
focusing on three aspects: 1) perceived robot dialogue actions, 2)
their effects on the participant’s experience, and 3) participants’
responses to the robot’s behavior. Transcripts were open-coded for
all mentions of these categories, iteratively refined into a shared
codebook, and consolidated through team discussion. For the sec-
ond part of the interview (i.e., how they envisioned the concept
alignment process to unfold), we applied thematic analysis to un-
derstand the potential factors that may influence the selection of
alignment strategies. Mentions of when and under what conditions
each strategy or behavior was helpful or inappropriate were first

3Tencent Meeting, the same as our formative study.

open-coded and then grouped into two overarching categories: task
stage and contextual factors. Within each, we identified themes
that characterized participant’s reasoning about how strategy use
should evolve or adapt during interaction.

5 RESULTS
The two analyses outlined above provided rich insights about the
perceived dialogue behaviors and their effects, as well as potential
factors that could influence strategy selection.

5.1 Perceived dialogue behaviors and their
effects

5.1.1 Perceived behaviors. When discussing patterns in the robot
dialogue and notable differences between rounds, participants men-
tioned a variety of behaviors. Table 4 summarizes the behaviors we
coded, and the strategies they correspond to. Most of the dialogue
behaviors envisioned in our design strategies (Section 3.3) were
observed and mentioned by participants, though they may describe
them using different terms. For example, asking and confirming was
described as “asking in more detail (P2)”, “confirm with me (P6)”,
and “likes to repeat what I said and check if I meant it (P10)”. This
indicated that users noticed and interpreted these actions through
their own framing, suggesting that the implemented strategies were
recognizable and functionally realized in interaction.

Participants discussed some dialogue behaviors notably more
than others. Forming new concepts when only given examples (N=22),
explaining or justifying action using known concepts or rules (N=20),
and using preset conceptual framing in dialogue (N=18) are among
the most mentioned. Overall, participants discussed more about
the generalize (N=38) and justify (N=40) strategies.

5.1.2 Effects on participant experience and response. Our inter-
views also covered the perceived effect of the dialogue behaviors.
As seen in Figure 7, the perceived effects were further categorized
as being related to the participants’ understanding of the robot,
conceptual understanding, and user experience.
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Table 4: User-perceived robot behaviors and the strategies they belong.

Strategy Behavior code Participants #Mentions
Confirm Asking and confirming P2, P6, P10, P11, P12, P13, P15 14

Summarizing current agreement P9, P12, P17 4
Generalize Form new concepts when only given examples P2, P5, P6, P7, P10, P16 22

Giving new examples when learning a new concept P1, P9, P12, P15, P17 10
Giving examples when using an abstract concept P3, P4, P12, P13 6

Justify Using preset conceptual framing in dialogue P2, P7, P11, P12, P13, P14, P15, P16 19
Explain or justify action using known concepts or rules P3, P5, P8, P9, P12, P13 20

Propose Propose sub-categories of a concept P3, P8, P9, P12, P13 7
Give task advice using new concepts P8, P14 4
Suggesting to move forward P3, P12, P15 5

Understanding the robot Unclear on how to make the robot understand

Knowing the conceptual understanding of the robot
Learning how to make the robot understand

Incorrectly assuming the robot understood
Unclear if the robot understood

Understanding robot capability

Knowing what is known/unknown to the robot
Changing the user's conceptual understandingUnderstanding of concepts 

User Experience
Imposes a fixed conceptual frame to the user

Don't want to respond to the robot

Giving the user new ideas

Higher anthropomorphism
Higher cognitive load

Lower task efficiency

Confirm

N=17

Generalize

N=38

Justify

N=38

Propose

N=16

Figure 7: Code co-occurrence results summarizing the main
effects of the perceived behaviors that participants men-
tioned, as well as their relation to the dialogue strategies.

Both positive and negative effects were mentioned. For example,
some dialogue behaviors related to the justify strategy were said
to impose a fixed conceptual frame to some participants (P7, P12,
P13), which was considered harmful to task success. In contrast,
other behaviors in the same strategy were viewed as beneficial
for communication, as they helped participants understand what
is known/unknown to the robot (P3, P8, P13). We further present
these findings in detail below, organized by strategy.

Confirm. The act of asking and confirming was mostly associated
with the participant’s understanding of the robot. Some found it
helpful for gauging what the robot has trouble understanding. P2
recalled specifying their preference in vague terms at the very
beginning of the dialogue (“sort kitchen items according to kind”),
and realizing that the robot does not have the concept of “kitchen
items” when the robot asked for more detail. Similarly, periodically
summarizing the current agreement helped P1 and P12 learn to
communicate better with the robot. P12 said that by listing the
learned rules, the robot informed P12 of its capabilities.

Yet, frequently asking questions and confirming confused the
participants. P10 said the robot “really liked to confirm with me. [...]
Once or twice is good, [the robot] is cautious and showing me good
work ethics. But it kept asking [...] and it made me worried that it
couldn’t understand.” Excessive confirmation has also been said to
make the participants not want to respond to the robot and lower
task efficiency. P11, P12, and P13 ignored some of the questions.
P13 added, “the routine questions at the end [were] like many LLMs

[P13] have used before.”, saying answering them would lead the
conversation off-topic.

Generalize. Behaviors in the generalize strategy were often dis-
cussed in relation to its positive effects on both their understanding
of the robot and the concepts. Many participants noted that the
robot formed new concepts when only given examples. P2 was im-
pressed that the robot extrapolated the term “office supplies” from
mentioning of books and document folders, saying more dialogue
with the robot would “improve my communication abilities”. P5
similarly noted this behavior as helpful for communicating with the
robot, adding that it also brought new ideas for home organization.
However, others did not like this behavior. P6 said, “[the robot]
should use the same language as me. Otherwise I would have to think
about it. [...] The categories it provided were too abstract. [...] It will
lower efficiency.” It was also said to increase cognitive load (P6),
and when used repeatedly caused P7 to “run out of patience”. P10
mistook the ability to form concepts for a high level of capability
of the robot, but later was “saddened” to see errors in related object
placement.

The other two behaviors were received positively despite being
mentioned less often. Giving new examples when learning a new
concept brought the participant new ideas. By listing similar objects,
the robot inspired P9 to refine their original organization plan. Sim-
ilarly, when the robot challenged P12’s conception of “consumable”
items belonging in storage by listing objects that they might use
often, P12 responded in favor. P12 said this behavior changed their
conceptual understanding and made the robot feel more anthro-
pomorphic, “like it has its own ideas now.” When the robot gave
examples when using abstract concepts. P3 became more certain of
the exact understanding the robot had of the concept. P4 said the
behavior changed their conceptual understanding, “everybody’s
understanding of ‘daily items’ is different. [...] I didn’t know its
meaning. But [the robot] gave me examples, and made it easier to
understand.” P13 echoed by saying that the unexpected examples
gave them a new understanding.

Justify. Participants talked at length about when the robot would
use its preset conceptual framing in dialogue. According to P12, “[the
robot] conceptualized things differently than I would [...] and totally
led me astray.” P12 found that the preset concepts organized objects
by their type at the beginning of their conversation, which has
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conditioned P12 to adopt this framing until rounds later, when P12
finally realized grouping objects by where they’re used can best
describe their preference. P7 and P13 echoed this point by noting
that the robot was “stuck in its own reasoning(P13)” and its internal
preset concepts “too general [and] should be more personalized
(P7)”.

Many also mentioned when the robot explained or justified its
actions using known concepts or rules. Contrary to the above, this
behavior was generally well-received. P8 felt that “after this conflict,
it understood the logic deeper”, and some said the robot’s explana-
tions helped understand what had gone wrong (P5, P13). P3 instead
noted the benefit of this behavior in reminding them of special cases
that did not fit the robot explanation, and said it made the robot
“feel like a person”. However, some also noted that the robot did not
readily do this until expressly asked (P5, P13), but helped them to
understand how to better communicate once it did. Meanwhile, P9
found some of the robot’s explanations unconvincing and ignored
them.

Propose. Behaviors belonging to the propose strategywere among
the least mentioned. P3 noted when the robot would proactively
propose sub-categories of a concept and give task advice using new
concepts, which helped their conversation by letting P3 know what
concepts the robot could understand, and how it defined certain
concepts. P3, P8, and P9 also mentioned some categorization that
the robot proposed gave them new ideas. However, P12 considered
some conceptual categories the robot proposed “not useful” and
ignored them. P8 also noted when the robot actively suggested to
move forward during the task. This behavior made P8 feel that “the
robot don’t want to learn more from me”. In response, P8 did not
give more instructions than they would otherwise have.

5.2 Potential factors
The second stage of our interviews asked the participants to en-
vision their ideal grounding dialogues, regarding both 1) which
grounding behaviors should happen in a task when, and 2) what
might determine their appropriateness. This process revealed their
preferences and potential factors to consider when selecting strat-
egy. We present the main themes identified through thematic anal-
ysis for each aspect.

5.2.1 Task stage factors. Participants expressed their preferences
for how the grounding behaviors should evolve as the task pro-
gresses.

From abstract to concrete. Many characterized their ideal com-
munication as progressing from establishing an abstract, general
understanding in the beginning to refining concrete details in later
stages. For example, P3 believed that the robot should focus on
establishing rules and definitions first. P13 echoed this, saying the
robot should give suggestions on “the structural and logical”, only
then move on to resolving individual instances. P4 and P9 expressed
a similar idea, referring to it as “grasping the general direction” and
“planning globally” first. As P4 explained, “[The dialogue] should be
top-down. [The robot] should grasp the general direction first. Even
if I don’t know what that direction is, [it] should give me one. Then
we’ll move on to individual categories, from big to small[...]”

Proactive vs. passive. Participants described when they expect the
robot to be actively leading the dialogue and providing information
and ideas, versus when they passively accept information from the
human. Notably, they had conflicting preferences regarding this as-
pect. Some expect the robot to be proactive in the beginning, citing
that they felt lost when first faced with the task, not knowing what
to say or how to progress (P2, P6). Others related this to the previ-
ous theme, delegating the responsibility of providing conceptual
framing, general concepts, and task advice to the robot(P12, P13).
P12 also attributed emotional value to this arrangement, saying,
“[the two approaches] would bring different emotional experiences.
[Proactive first] would give you pleasant surprises. You’d feel you were
actually saving effort. [Passive first] is just what you would normally
expect from a robot. You tell it what to do and it only does it, but you
still have to finish it up.”

However, not all agreed. Other participants instead preferred
the robot to progress from passive to proactive. P8 and P9, for ex-
ample, expected the robot to mostly listen and understand before
contributing. While P3 and P8 also referenced the “abstract to con-
crete” approach like P12 and P13 when discussing proactivity, they
instead said that the initial framing and definitions should come
from the person. P14 thinks that a proposing and justifying robot at
the beginning “takes too much liberty”.

Specific stages. People also attributed behaviors to specific stages.
People welcomed behaviors that communicated robot capabilities
(P4, P6, P7, P13) and gave examples (P3, P5, P13) at the start of
the dialogue. During the task process, P9 considered all strate-
gies acceptable. P4 imagined periodically summarizing the current
agreement helpful, but stressed that it should be very concise. P8
thought that propose and justify to be generally inappropriate for
finalizing the task, but added that any new examples still may war-
rant discussion and justification. And while too many questions
at the end would be unwelcome for P11 and P15, summarization
behaviors from the same strategy were deemed beneficial (P9, P15).

5.2.2 Contextual factors. In addition to factors related to the task
stage, participants proposed ideas for how contextual cues might
help determine whether a strategy or behavior is appropriate.

When in conflict, explain. Many participants considered explain-
ing or justifying actions suitable for when the robot’s behavior
deviates from user expectation (P3, P5, P6, P7, P8, P13). P6 and
P13 believed that the robot should explain its reasoning “whenever
there’s a mistake (P13)”, regardless of task stage. P3 approached
this from another angle, limiting this behavior specifically to after
a mistake has been observed.

User preference and cooperation. Some participants attributed the
appropriateness of some behaviors to their own personal preference
at the moment and the willingness to cooperate. P5 considered the
robot a tool for completing tasks, and therefore described the robot’s
transforming strategy as “insisting on doing toomuch, and I couldn’t
stop it.” P4 and P6 found some of the robot’s responses too long,
though noting this might be due to their “impatient” personality.
Finally, P8 noted that people might have shifting preferences for
robot proactivity depending on their circumstances, and the robot
should query or infer their current preference each time.
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Figure 8: A design space diagram with updated dimensions and design considerations in relation to the strategy space.

(Para)linguistic cues. A small number of participants also noted
linguistic or paralinguistic cues that can be taken from the user
input. P12 noted cases where their speech differed in length and
uncertainty, saying, “if I gave a short instruction, I want the robot
to just do it. But if it was long, [...] it should help me organize [my
thoughts] before doing it.” This was echoed by P9. Later, P12 added,
“when I gave examples, it meant I just had a rough understanding of
this category. That was when I needed the robot to help me expand
[the concept definition].” Regarding repeating what the user said as
confirmation, P5 considered it unnecessary, while P13 considered
it helpful when the user explicitly requested it.

6 A DESIGN SPACE FOR CONCEPTUAL
ALIGNMENT DIALOGUES

In this section, we synthesize findings from the two studies into a
design space that describes how conceptual alignment dialogues
can be designed, selected, and evaluated. We discuss how designers
could interpret its dimensions, the trade-offs, and its potential uses
in future work.

As shown in Figure 8, the design space is organized around
three complementary questions. First, alignment may operate at
different levels of abstraction, ranging from concrete examples and
cases to abstract rules and definitions. Second, the dialogue that
builds alignment can be characterized along two core dimensions
identified in our formative study: maintaining–transforming and
adopting–asserting. Finally, the findings from our second study
suggest possible factors that may guide strategy selection, and key
trade-offs to consider when evaluating an alignment strategy.

6.1 Aligning on what level?
One interesting finding through our second study was people’s em-
phasis on the level of abstraction when discussing their preferences
for alignment dialogues (see Section 5.2.1). Many preferred that the
robot speak in general terms at first using abstract concepts and
definitions, progressing to finer distinctions and individual objects
later. Constructs similar to this distinction were already proposed
by many researchers (R1, R3, R4, R5, R7) in our formative study

proposed constructs similar to this distinction, such as “focused on
objects vs. definitions”, “concrete objects vs. abstract definitions”,
or “concrete vs. abstract”. As the study focused on extracting di-
mensions of dialogue strategy instead of alignment content, these
constructs were originally intended to describe how people differed
in dialogue goals: to resolve conflicting understanding through dis-
cussing the current sorting (maintain) or to collaboratively develop
a new understanding (transform). However, combined with results
from the second study above, we believe there is merit for an ad-
ditional dimension “abstract—concrete”, highlighting the level of
abstraction that alignment dialogues operate on as a salient dimen-
sion. Concrete dialogues may discuss examples and special cases
of concepts. Abstract ones may discuss what concepts are used to
frame the task at hand. Between the two extremes lie dialogues
that concern the rules and definitions of concepts at varying levels
of abstraction.

The abstract–concrete dimension should therefore be understood
as describing the level at which these strategies operate, rather
than as a third equivalent strategy dimension. Each strategy may
operate at one or more levels of abstraction. A strategy such as
confirming may involve concrete cases or more abstract definitions,
and a dialogue may shift between these levels over time. Our find-
ings suggest that such shifts may be particularly relevant as a task
progresses from establishing an initial conceptual framing toward
resolving specific cases.

6.2 How is alignment achieved?
The two core dimensions outlined by our formative study describe
how a strategy pursues alignment. Maintaining–transforming de-
scribes whether the dialogue aims to establish an understanding
of existing concepts or develop new conceptualizations, while
adopting–asserting describes whether the robot primarily adapts to
the user’s conceptualization or contributes its own ideas. The four
strategies explored in the second study are representative combi-
nations of the two core dimensions rather than an exhaustive set
of strategies. Other strategies could occupy intermediate positions
or combine behaviors differently. As an example, the conceptual
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alignment tendency found by Cirillo et al.[16], where people auto-
matically adapts to the level of abstraction used by the robot, could
be transformed as a less asserting and maintaining strategy than
justify to steer the conversation away from ambiguous concepts.

Meanwhile, we also note that the most effective or appropriate
strategy may change as the dialogue and task evolve. Our findings
from the second study suggest that conceptual alignment requires
a process of adaptive coordination rather than fixed dialogue be-
havior. Figure 8 illustrates this by showing two possible dialogue
trajectories. Each dialogue moves between strategies as new infor-
mation, misunderstandings, or task demands emerge.

6.3 How could strategies be selected and
evaluated?

What factors may guide strategy selection? Beyond the di-
mensions themselves, the second study identified contextual factors
that may influence which strategy is appropriate at a given point
in an interaction. These include task stage, user cooperativeness,
errors or conflicts, and linguistic or paralinguistic cues. These fac-
tors are potential signals that a dialogue policy could use to select
or transition between strategies. They also point to several future
research questions, including how these signals relates to the ap-
propriateness of strategies, and how they may affect subsequent
alignment outcome.

Howmay the strategies be evaluated? We identify two overar-
ching trade-offs discovered in our second study, namely 1) between
contribution and control, and 2) between comprehension and com-
pletion. These trade-offs provide criteria for evaluating strategies
as they are selected and applied in context. We discuss their impli-
cations for HRI design and how they relate to ongoing questions of
designing for better human-robot representation alignment.

Contribution vs. control: who shapes the conceptual understand-
ing? The trade-off between contribution and control concerns how
people expect the robot to participate in shaping conceptual un-
derstanding. Importantly, participants did not share a common
expectation of the robot’s role. Some expected the robot to provide
initial framing, general concepts, or task guidance, particularly at
the beginning of the interaction, while others preferred the robot to
follow their lead and adopt user-defined concepts before contribut-
ing. These differing expectations parallels how the same alignment
behaviors were perceived differently. For instance, generalization
or proposal of new categories was received positively when partici-
pants were open to the robot contributing ideas, but was described
as “too abstract” or “not useful” when participants expected the ro-
bot to adhere to their framing. Similarly, justifications were valued
by some as helpful explanations, but by others as the robot being
“stuck in its own reasoning” or leading them in an unintended direc-
tion. In this sense, how people perceives and responds to alignment
strategies may depend on prior expectations of how much initiative
the robot should take.

At the same time, the strategies themselves may also implicitly
shape these expectations. More asserting or transforming strategies,
such as proposing new concepts or generalizing from examples,
were taken by some as indications that the robot possessed a higher

level of competence. When these expectations were not met in sub-
sequent actions, participants reported disappointment. Conversely,
when the robot remained passive or strictly adopted user concepts,
some participants perceived it as lacking capability or requiring
excessive guidance, perceiving increased effort. These shifts suggest
that expectations of the robot’s role are not fixed, but are contin-
uously updated based on how the robot contributes to alignment.
As a result, mismatches can emerge not only from differences in
conceptual understanding, but also from differences in how users
believe the robot should participate in the alignment process, some-
times leading to reduced cooperation such as ignoring proposals or
limiting further input.

These observations suggest that designing for conceptual align-
ment involves both deciding and adapting how much the robot
should contribute, as well as managing how that contribution is
expected and interpreted over the course of interaction. HRI de-
sign may need to consider how alignment strategies imply the
robot’s role in shaping conceptual understanding, and how this
aligns with user expectations in different tasks and contexts. More
broadly, these findings indicate that representation alignment is
not solely a matter of converging on shared representations, but
also of coordinating and negotiating how such an alignment should
unfold.

Comprehension vs. completion: when and what to align? The trade-
off between comprehension and completion is related to how build-
ing and maintaining alignment is balanced with task progress. We
observe that the participants did not treat alignment as something
to be continuously maintained. Instead, many participants empha-
sized the need for alignment either at the beginning of the task
when they lacked a clear conceptual framing and task plan, or
at moments of misalignment when “errors” signal mismatches in
understanding. For example, early confirmation and clarification
helped participants see what the robot could understand, while
justifications were regarded as appropriate specifically when the
robot’s actions deviated from expectations. Similarly, generalization
and exemplification supported comprehension when participants
were uncertain about the robot’s interpretation of abstract concepts,
but were less appreciated when introduced without a clear need.

Meanwhile, the effectiveness of these strategies shifted as the
task progressed. More interactive forms of alignment, such as re-
peated confirmation or exemplification, were described as increas-
ingly effortful, sometimes leading participants to ignore questions
or disengage. In contrast, summarizing the current agreement re-
mained useful even in later stages. Participants also reacted dif-
ferently to transforming strategies over time. Although examples
and generalizations could clarify or refine understanding, repeated
or cognitively demanding instances were said to increase effort or
“reduce task efficiency”. As the task approached completion, align-
ment seemed to be evaluated less by its presence and more by its
disruption to the progress. Late-stage proposals or unsolicited elab-
orations were often resisted or ignored, while concise summaries,
targeted explanations after errors, or high-value examples were
still welcomed.
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These observations suggest that supporting conceptual align-
ment in task-oriented HRI is not just a matter of increasing trans-
parency or eliciting more information. Instead, it may require strate-
gically coordinating when and about what alignment is pursued
in an ongoing task. For HRI design, this points to the need for
dialogue policies that adapt alignment strategy and content to the
interaction context and task progress. For achieving representation
alignment, this trade-off highlights that the challenge is not only
to achieve shared conceptual understanding, but to do so under
constraints of human effort and task progression.

Taken together, the trade-offs we have observed suggest a need
for dynamically adjusting the timing, form, and level of initiative in
response to the task, context and user expectations when employing
proactive conceptual alignment strategies.

6.4 Using the design space
The design space is intended for researchers and designers who de-
velop, study, or evaluate dialogue-enabled robot systems in which
conceptual alignment is important. Designers can use it prospec-
tively to structure the dialogue behaviors that a robot should sup-
port and to reason about when different strategies may be appropri-
ate. Researchers can use it retrospectively to characterize alignment
behaviors in existing systems or interaction data, compare strategies
across systems and application domains, and identify opportunities
for new dialogue strategies. In both cases, the design space serves
as a framework for describing and exploring alternative ways of
conducting conceptual alignment.

For designers, the design space can serve as a generative tool
to produce more dialogue strategies. In this work, we developed
the four strategies by combining the most typical behaviors of the
dimensions. In practice, a designer can use the space in three steps.
First, identify the level of abstraction relevant to the task and deter-
mine whether the interaction should primarily maintain existing
concepts or develop new ones. Second, determine how much the
robot should contribute versus adopt the user’s conceptualization,
thereby identifying one or more representative strategies or inter-
mediate positions along the two core dimensions. Third, use task
stage and contextual cues to inform decisions about when to shift
strategy, while evaluating the resulting interaction in terms of user
control, conceptual understanding, and task efficiency.

The design space can also help designers differentiate and syn-
thesize design knowledge about application domains that require
conceptual alignment. On one hand, the concrete use case of the
robot may narrow the space of helpful strategies. Designers could
selectively define and explore additional strategies in subspaces
according to their robot’s application domain. In our case, many
participants found the propose strategy unnecessary, likely because
the goal was to have a neatly sorted home, and not a new under-
standing on how to classify personal belongings. However, this
may be different for other cases. As an example, a robot aimed at co-
creation and idea generation may find the transforming strategies
useful, while an educational robot may rely more on asserting ideas
through explanation and maintaining what has been understood to
better communicate concepts to learners.

For HRI researchers, the design space can serve as an analytical
tool for characterizing HRI data involving conceptual alignment

and synthesizing previously isolated strategies (as discussed in Sec-
tion 2.1) into a more unified understanding. Researchers can use
the space to characterize and compare dialogues as trajectories
through the design space. Given dialogue transcripts or system im-
plementations, researchers can examine which alignment goals and
behaviors occur, at what levels of abstraction, and how these change
over the course of an interaction. For example, a robot that only
ever confirms, such as the case in our second study, may leave users
shouldering the entire conceptual effort. Future studies may also
provide more potential factors that could inform strategy selection.
This enables comparison across systems, tasks, and application do-
mains, as well as investigation of how particular trajectories relate
to task outcomes and user perceptions.

7 DISCUSSION AND CONCLUSION
This paper set out to explore how LLM-powered robots could en-
gage in conceptual alignment dialogues. Through a formative cor-
pus study and a user experiment, we derived design dimensions,
implemented four representative strategies, and synthesized them
into a design space.

Our findings extend prior work on conceptual alignment in
several ways. Classic linguistic accounts treat alignment as an mu-
tually converging process in which partners negotiate conceptual
meaning[7, 21]. Our design space captures two facets of that negoti-
ation for design purpose: the degree to which a robot asserts its own
understanding versus adopt the other’s, and the the extent of aban-
doning existing concepts in favor of entirely new ones. The abstract–
concrete axis further echoes observations that dialogue partners
shift between concrete references and higher-level alignment[21].
Our work highlight that this shift can be deliberately designed
into a robot’s alignment behavior. Where prior human-robot stud-
ies demonstrated that people spontaneously align their level of
abstraction to a robot[16, 22], our work contributes a designer’s
perspective: the robot can proactively choose its strategy to affect
conceptual understanding, but that choice carries consequences
for user experience. Our work also speaks to recent investigations
of grounding in LLM-based dialogue. Shaikh et al.[43] found that
LLMs often skip the feedback signals, such as clarifying questions
that humans rely on. Yet, our participants’ frustration with exces-
sive confirmation in the confirm strategy rounds shows that merely
imposing grounding behaviors is insufficient. The third part of our
design space highlight task and contextual factors that could guide
such behaviors, and necessary aspects to evaluate beyond task or
alignment scores.

Our study also has several limitations. First, we tested the strate-
gies in a simulated environment with a text-based interface and
no physically embodied robot. This choice allowed us to isolate
dialogue behaviors from confounding modalities, and enabled us
to examine alignment at a more fundamentally linguistic and con-
ceptual level. However, the absence of a physical robot means our
study captures only part of what human-robot interaction entails.
A co-present robot could use gesture, gaze, and spatial reference to
ground concepts (e.g., pointing to a shelf while saying “put the tools
here”), which might reduce the need for some verbal alignment
moves or change their perceived naturalness. Social presence effects
could also alter how users respond to certain strategies. Therefore,
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the term “human-robot dialogue” should be understood here as
referring to the dialogue modality of HRI; the findings provide a
design vocabulary for this modality, but their transfer to embodied
settings must be empirically tested. Future work should replicate
these strategies on a physical robot to examine how embodiment
moderates user perceptions of alignment behaviors. Second, we
only tested the strategies in one possible domestic robot task (i.e.,
household unpacking) with a group of Mandarin-speaking partic-
ipants. We acknowledge that both the application domains and
cultural factors may influence people’s perceptions of these dia-
logues. However, by employing a task-oriented setting, we highlight
that representation alignment is not an isolated task of building
shared representations, but is embedded in concrete tasks, contexts,
and scenarios. We also observe that most existing human-robot dia-
logue studies are based on English-speakers. By including speakers
of another language, our work contributes a valuable and comple-
mentary perspective. We encourage future research to apply and
evaluate our design space in other contexts and cultures, and to
further refine it.

Despite these limitations, we believe this work represents an im-
portant step toward understanding human-robot conceptual align-
ment. Through the proposed design space, along with empirical
evidence and insights from the implementation, we envision provid-
ing HCI researchers and designers with a foundation for discussion
and further exploration in this emerging area.

8 GenAI usage disclosure
Generative AI models were used in this paper in three ways. First,
we used ChatGPT to aid in debugging the experiment system and
generating utility functions. Second, it was used to correct gram-
mar errors and improve word choice during writing. Finally, our
study addresses LLM-driven robots, and therefore used locally-
hosted open-source models including Qwen2.5-VL-32B[1], BGE-
M3-Embedding, and BGE-Reranker-v2-m3[14, 52–54].
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A Curating concepts and object images for the
sorting task

A.1 Selection of concepts
For the selection of concepts, we first brainstormed concepts ac-
cording to high, medium, and low levels of concreteness. In this
study, we define concepts with a high level of concreteness as those
that are related to perceivable aspects of an object, such as concepts
related to shape, colors, and materials. Concepts with a low level of
concreteness are defined as those related to imperceptible attributes,
such as function, manufacturing process, or cultural significance.

The concepts were selected and grouped into sets of three by
brainstorming potentially ambiguous objects for pairings of con-
cepts. Concepts with more ambiguous objects, and thus with a
high degree of overlap, are selected and grouped. As a result, we
formed six sets of concepts for each combination of task and level
of concreteness, as shown in Table 5.

We further verified the concreteness of these concepts using a
dataset of concreteness ratings for English words created by Brys-
baert, Warriner, and Kuperman[8]. This dataset provides concrete-
ness ratings for more than 40,000 common words and terms in
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Table 5: The concepts used for the sorting task.

Concreteness Set Concepts
High A Slab, block, stick

B Dark-colored, sepia-colored, multicolored
Medium A Container, physical support, weight

B For breaking, for crafting, for food
Low A Natural, artificial, biological

B Mechanical, digital, analog

English. Where a concept is not present in the dataset, an appro-
priate synonym is selected. For example, we substituted “physical
support” with “support”, and “For destroying” with “destroy”.

Figure 9: The concreteness ratings of the selected concepts

A.2 Selection of object images
For object images, we used the THINGS dataset created by Hebart et
al.[26], which consists of 1,854 classes of objects, each with several
image depictions. In our case, we wish to maximize the potential
ambiguity within each set of images. To this end, we first labeled
each object class according to their membership in each concept set.
As the dataset contains over 1,000 classes, we utilized the in-context
learning ability of large language models to perform the first round
of labeling. In our case, we used the LLaMA 13B model by Meta[49].
The dataset was then filtered for objects that belonged to two or
more concepts, at which point the labeling was manually checked
for the filtered subset, and errors were corrected. Finally, 40 images
were selected for each set of concepts, resulting in 240 images.

B Demographics information of study
participants

With their consent, we surveyed the participants of the second study
about their experience in using relevant products and knowledge
in related domains. Figure 10 shows the aggregated statistics of the
results. The surveyed products included robots and other dialogue-
enabled devices.

Overall, the participants had a diverse range of familiarity with
dialogue-enabled products. As expected, experience with actual
robots was somewhat limited, with most (N=13) participants having
used physical robots "a few times". However, two users also reported
using robots “every day” or “a few days a week”, which could
have provided useful insights in our interviews. More participants
were familiar with chatbots, which can be attributed to the already
widespread use of LLMs at the time of the experiment.

The participants were recruited largely from past and current
student social media groups that the authors had access to, resulting
in higher expertise ratings for interaction design on average. How-
ever, our recruitment also reached graduates who have since found
employment in robot and LLM-related areas, and could contribute
expert insight to the findings.

Robots

Smart speakers

Voice assistants

Chatbots

3 421

Never used

(a) Experience with relevant products

(b) Expertise in relevant fields

Use every day

5

Artificial intellegence

Robots
Natural language 

processing
Interaction design

321

No knowledge

4

Expert

5

Figure 10: The ratings by the second study participants, on
their experience with dialogue-enabled social agents and
expertise in related fields.
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