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Figure 1: Conceptual Misalignment in Human-AI Collaboration: Given the same request to make a poster “more visually
appealing for a five-year-old,” the requester (a) and AI agent (c) construct different conceptual frames from the compressed
natural language instruction (b). The requester envisions bold shapes and minimal text (top), while the agent generates bright
colors and cartoon imagery (right, d). Both interpretations are valid yet misaligned, demonstrating the challenge of conceptual
coordination without explicit repair mechanisms.

Abstract
The meaning of a concept in use is shaped by the situation, task,
goals, and prior knowledge. For example, a request to make a poster
“visually appealing for a five-year-old” might evoke bright colors
and cartoon imagery for one collaborator, but less text, bold shapes,
and visual simplicity for another. We call such task-relevant dif-
ferences conceptual misalignment. We introduce Alignment Games,
a framework for making these differences visible and repairable
during human–AI interaction. Drawing on theories of situated
conceptualization, we characterize task-specific conceptual frames
in terms of relevant attributes, values, relations, constraints, and
priorities. We then define alignment moves that intervene on the

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
Conference acronym ’XX, Woodstock, NY
© 2025 ACM.
ACM ISBN 978-1-4503-XXXX-X/18/06
https://doi.org/XXXXXXX.XXXXXXX

situation, the reasoning used to interpret it, or the resulting frame.
Through examples from educational content generation, creative
coding, and argumentative writing, we show how these moves can
be composed into repair sequences and derive design principles for
supporting task-sufficient conceptual alignment at runtime.
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1 Introduction
Imagine being given the ‘original poster’ in Figure 1 and asked
to “make it more visually appealing for a five-year-old.” You might
interpret this request as using bright colors, rounded typography,
and cartoon imagery (Figure 1c). The requester, however, might
have imagined less text, bolder shapes, and a design that evokes
curiosity (Figure 1a). Neither interpretation is necessarily wrong
and can plausibly satisfy the words in the request. However, such
differences arise because concepts are not always fixed definitions
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transmitted intact through language and interpreted by retrieving
those definitions from memory. Instead, people construct situated
conceptualizations that are context-sensitive representations con-
structed from prior experience that bring together the features,
actions, goals, and other knowledge relevant to the situation at
hand [14, 15].

We use the term conceptual misalignment for such task-relevant
differences between collaborators’ situated conceptualizations. In
human-human collaborations, these differences are common and
routinely repaired through interactions [103]. Suppose the designer
shows the requester a colorful revision filled with cartoon illus-
trations. The requester might respond, “The cartoons aren’t really
what I meant. I want it to feel simpler—something a child can un-
derstand from across the room.” The designer might ask whether
the problem is the imagery or the amount of information, show
two alternatives, or suggest treating the poster more like a chil-
dren’s museum display than a birthday invitation. Through such
examples, contrasts, clarifications, and reframing, the collaborators
progressively learn not only what output the other prefers, but how
the other is construing the concept that guides the work. This kind
of repair is related to (but not identical with) establishing common
ground [35]. In the poster example, the collaborators may already
share substantial common ground about the task such as they know
which poster is under discussion, who its audience is, and what
request was made. Where their common ground is incomplete is
in how they conceptualize “visually appealing for a five-year-old,”
i.e., which qualities are relevant, what values those qualities should
take, how they relate, and which should be prioritized.

This problem is especially consequential in interactions with
generative AI. Users routinely ask systems to make an artifact
“clearer,” a paragraph “more optimistic,” or a design “more engaging,”
yet the system’s operative interpretation of such concepts typically
remains implicit. When an output does not meet the expectation,
the user must infer what the system understood differently, decide
what to correct, and express that repair indirectly through another
prompt or edit. This makes conceptual repair costly and uncertain.
For instance, if a poster feels “too childish,” the mismatch might lie
in its colors, typography, imagery, text density, or broader framing
of the audience. A prompt such as “make it less childish” may fix
one dimension, leave the underlying mismatch untouched, or alter
aspects that were already satisfactory. Consequently, interaction
can become an output-level search over possible repairs rather than
a direct negotiation over themeaning guiding generation.

We introduce Alignment Games (i.e., structured interactions in
which collaborators make moves and receive feedback to surface
and repair conceptual misalignment ) as a framework for making
this process of conceptual repair explicit and designable. Rather
than only correcting the resulting artifact, collaborators can act
on the interpretation that produced it. In the poster example, the
system might surface that it is interpreting “appealing for a five-
year-old” through attributes such as color, typography, and imagery,
with values such as bright, rounded, and cartoon-like. The requester
could then identify that text density and visual simplicity aremissing,
clarify that “playful” does not mean visually busy, prioritize read-
ability over novelty, or reframe the design as a children’s museum
poster rather than a birthday invitation. We call these interventions

alignment moves; structured sequences of such moves form Align-
ment Games through which collaborators diagnose, negotiate, and
repair conceptual misalignment.

To make these repairs systematic, we develop a process model of
conceptual alignment in human–AI interaction, grounded in cogni-
tive science. The model characterizes how external situations, inter-
nal task context, and prior knowledge interact through perception,
retrieval, reasoning, and simulation to construct a situated concep-
tual frame. Differences between collaborators can therefore arise
in what attributes they represent, the values assigned to them, how
those attributes relate or are constrained, and which considerations
are prioritized. This account provides the representational basis for
describing both conceptual misalignment and the moves available
for repairing it. Our contributions are (1) a process model of sit-
uated conceptualization and conceptual misalignment that
characterizes how task-relevant interpretations are constructed and
when differences become consequential; and (2) the Alignment
Games framework, a grammar of moves for diagnosing, nego-
tiating, and repairing conceptual misalignment across situational
inputs, conceptual frames, and frame-construction processes.

2 A Note on Framework Development
WedevelopedAlignment Games through an iterative theory-building
process combining literature synthesis, conceptual modeling, and
analysis of existing human–AI interfaces. Across more than 200
hours of face-to-face collaborative analysis and discussion between
the first and last author and weekly meetings with all authors, we
generated and compared alternative representations of conceptual
alignment, including different decompositions of conceptual frames,
sources of misalignment, and candidate repair moves (Figure 2). We
repeatedly tested these representations against breakdowns and
interactionmechanisms reported in prior HCI systems, refining con-
structs when they collapsed distinct phenomena, failed to character-
ize a plausible repair, or introduced distinctions that did not appear
useful for interaction design. This process converged on a task-
relative situated conceptual frame and three loci for intervention—
the situation, the processes used to construct an interpretation, and
the resulting frame—from which we derived the alignment move
vocabulary presented in Section 4.

3 Situated Conceptualization and Conceptual
Misalignment

To characterize conceptual misalignment, we first need to under-
stand how collaborators construct meaning for a particular task.
Drawing on cognitive accounts of situated and grounded cognition,
we develop a process model that addresses five questions: (1) What
shapes a situated conceptualization? (2) How is it constructed? (3)
What representation does it produce? (4) When are collaborators
conceptually misaligned? (5) And when is their alignment sufficient
for the task? Our goal is not to provide a complete cognitive archi-
tecture, but to identify the inputs, processes, and representational
structures most relevant to understanding and repairing conceptual
differences during collaboration.
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Figure 2: Examples from the iterative development of the Alignment Games framework. Across collaborative working sessions,
we explored alternative frame primitives and representations, connected candidate representations to theories of situated
cognition, and worked through concrete human–AI interaction examples to refine the framework and alignment-move
vocabulary.

3.1 What Shapes a Situated Conceptualization?
Broadly, a person’s interpretation of a concept depends on infor-
mation from three key sources: (1) the external situation, (2) their
internal (mental) understanding of the task, and (3) their prior
knowledge [7, 14, 28, 53, 110]. External situational elements are
the features of the encountered task environment that provides per-
ceptual and communicative grounding for conceptualization [110].
In the poster example, these include the current poster, its visual
organization, the science-camp context, available design tools, and
the client’s request. Situation models characterize such contexts
along dimensions including space, time, entities, causality, and in-
tentionality [148]. These elements establish a frame of reference
for interpretation by shaping what a person is likely to attend
to, what prior knowledge becomes relevant, and what actions are
possible [14, 28, 110].

Internal task context refers to the individual’s current goals,
values, motivations, role obligations, and resource constraints [76,
107]. A designer who prioritizes clarity may interpret visual appeal
differently from one who prioritizes novelty. Likewise, a brand obli-
gation or limited production time may change which possibilities
are treated as viable. Internal task context filters both perception
and retrieval, influencing which aspects of the situation become
salient and which interpretations are preferred. Finally, people
draw on prior knowledge and experience in long-term memory.
This includes schemas for recurring situations [22, 114], scripts
and plans for routine event sequences [116], prototypes and exem-
plars [87, 112], causal or theory-based knowledge [92], and episodic
memories of particular experiences [136]. A designer may, for exam-
ple, retrieve children’s books, toy packaging, classroom materials,
or previous design projects when interpreting what “appealing for
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a five-year-old” might entail. Because collaborators differ in experi-
ence and expertise, the same situational cue need not activate the
same knowledge. Together, these sources provide the material from
which a situated interpretation is constructed.

3.2 How Is a Situated Conceptualization
Constructed?

We propose that the above sources interact through an iterative
cycle of perception and attention, retrieval, reasoning, and
simulation in working memory (Figure 3).

3.2.1 Perception. Construction of concept understanding begins
by selectively recruiting information from the current situation.
Bottom-up perceptual processes encode observable features, while
top-down influences from goals and prior knowledge shape which
features receive attention and how they are organized. In the poster
example, muted colors, dense text, and formal typography may
initially appear simply as visual properties. Relative to the goal
of appealing to a young child, however, these same features may
become deficiencies or opportunities for change. If the request were
instead to “make the poster clearer,” typography and layout might
become salient while muted colors remain acceptable. Thus, task
context shapes not only how features are evaluated, but which
features enter the conceptualization in the first place [14, 107].

3.2.2 Retrieval. Perceived and attended features cue relevant knowl-
edge from memory. A formal typeface may activate prior examples
of children’s typography; the science-camp context may activate
concepts associated with experimentation, discovery, or play. Re-
trieval can introduce candidate attributes and values, exemplars,
episodic experiences, and partially structured prior frames. Internal
task context further constrains this process: a designer who values
novelty may retrieve different associations than one prioritizing
familiarity. Prior knowledge supplies raw material that can be se-
lectively recruited and reorganized for the current task rather than
simply providing a fixed concept.

3.2.3 Reasoning. Retrieved information must then be organized
into a coherent interpretation. Reasoning establishes which at-
tributes matter, what values they should take, how they relate, and
what constraints or priorities should govern them. In the poster
example, the goal of visual appeal might establish preferred di-
rections such as greater playfulness or stronger visual hierarchy,
while the need for scientific accuracy or legibility constrains accept-
able solutions. Reasoning can also reorganize conceptual structure
through operations such as analogy, decomposition, abstraction, or
conceptual blending. A designer might, for example, borrow the
lively hierarchy of a birthday invitation while replacing balloons
with science-related imagery.

3.2.4 Simulation. People can additionally evaluate and extend an
emerging interpretation by imagining situations that are not imme-
diately present [16]. Imagining a child encountering the poster from
across a hallway might foreground legibility at distance; imagining
the poster outdoors could introduce contrast as a new concern.
Such prospective simulations can recruit additional attributes or
constraints and allow candidate interpretations to be evaluated
before acting on them.

Through repeated cycles of these processes, working memory
stabilizes around a situated representation rich enough to guide
judgment and action. This representation remains mutable: act-
ing on it changes the artifact or situation, which in turn provides
new perceptual evidence and may cause the individual to retrieve
different knowledge, reconsider constraints, or simulate new possi-
bilities.

3.3 What Does the Resulting Conceptual Frame
Represent?

We call the task-specific representation produced through the above
process a situated conceptual frame. Such frames organize knowl-
edge in a form that supports situated inference, planning, and action:
they determine which aspects of a concept are currently relevant
and how they should guide behavior in the task at hand. Note
that our use of frame differs from classical frame-based represen-
tations in AI, which typically encode relatively stable knowledge
as predefined slots, values, and defaults [89]. Following cognitive
accounts of situated conceptualization, we instead treat a frame as
a dynamically constructed, task- and situation-relative organization
of knowledge [9, 16, 17].

Concretely, a frame organizes the aspects of a concept that are
currently relevant to the task. At its core are attributes and as-
sociated values. For visual appeal, attributes might include color,
typography, imagery, text density, or visual hierarchy, while values
might include bright colors, rounded typography, cartoon imagery,
reduced text, or a strong focal element. Attributes can also be hierar-
chical: a typography attribute may itself contain a frame with font
family, weight, size, spacing, and color. Further, frame elements are
are not independent. Relations capture dependencies or regulari-
ties among attributes, while constraints specify combinations that
are permissible or required. Increasing font size, for example, may
require changes to spacing or layout; playful imagery may still need
to satisfy constraints on scientific accuracy. These dependencies
allow a frame to represent a coherent conceptual configuration
rather than a set of independent parameters.

Frames also encode preferred values and relative importance
of attributes. A designer may seek to optimize simultaneously
for playfulness, readability, and novelty while assigning greater
importance to readability. Values themselves can exhibit graded
structure: prior experience can make some values more typical or
accessible than others, providing defaults when the situation offers
little additional guidance [12, 17]. Thus, prior knowledge supplies
distributions of possible attributes, values, and relations, while the
situated frame is their momentary organization for the current task.
Finally, at a broader level, frames participate in conceptual fields:
networks of related concepts that co-occur across situations and
share systematic relations [17, 146]. The field surrounding “visual
appeal for a five-year-old,” for instance, may activate notions such
as child-friendly, playful, and engaging; introducing the science-
camp context may additionally activate educational, discovery, or
outdoors. Which broader framing is activated can reorganize which
attributes, values, and relations become relevant.

We formalize this operational representation as follows.
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Figure 3: Process model of situated conceptualization. External situational elements, internal task context, and prior knowledge
shape an iterative cycle of perception and attention, retrieval, reasoning, and simulation in working memory. Through this
cycle, a collaborator constructs a situated conceptual frame that organizes the attributes, values, relations, constraints, priorities,
and broader framings relevant to the task. Actions guided by the frame alter the artifact or situation, producing new evidence
that can trigger subsequent cycles of construction and revision.

Definition 1 (Situated Conceptual Frame). For collaborator 𝑘 , a
situated conceptual frame is

F𝑘 = (𝐴𝑘 , V𝑘 , 𝑣𝑘 , 𝑅𝑘 , 𝐶𝑘 , 𝑂𝑘 , 𝑊𝑘 , 𝐶𝐹𝑘 ) ,
where:

• 𝐴𝑘 : Attributes currently represented as relevant;
• V𝑘 : Values, whereV𝑘 = {V𝑘,𝑎}𝑎∈𝐴𝑘

;
• 𝑣𝑘 : Instantiated or preferred values, where 𝑣𝑘 (𝑎) ∈ V𝑘,𝑎 ;
• 𝑅𝑘 : Relations or dependencies among frame elements;
• 𝐶𝑘 : Constraints over permissible configurations;
• 𝑂𝑘 : Optimization criteria or preferred directions for the
task;

• 𝑊𝑘 : Importance or salience of frame elements; and
• 𝐶𝐹𝑘 : Conceptual fields or framings organizing the current
interpretation.

Note that this situated conceptual frame is a task-relative ab-
straction intended to capture the aspects of an interpretation that
matter for collaborative action and repair, rather than a complete
description of cognition. For humans, it is motivated by cognitive
theories of situated conceptualization; for AI systems, it serves as
an operational representation of the system’s current task
interpretation, without assuming that it faithfully exposes the
model’s latent internal state or that AI systems possess human-like
conceptual representations.

3.4 When Are Collaborators Conceptually
Misaligned?

Having described how an individual constructs a situated concep-
tual frame, we now consider two collaborators engaged in the same
task. Prior work broadly defines alignment in collaborative work

as “the extent to which individuals represent things in the same way
as each other” [103]. This alignment is important because it al-
lows collaborators to predict each others action and jointly plan
and act. Such alignment can occur at multiple levels, from lin-
guistic representations to representations of the ongoing situation
and conversational state [103, 111]. Our focus is narrower in that
conceptual alignment concerns the compatibility of collaborators’
situated conceptual frames for guiding the joint activity. In other
words, misalignment arises when collaborators construct different
task-relevant interpretations of the concepts guiding their joint
activity. These differences may be reflected in explicit linguistic
disagreement, but they can also remain latent when collaborators
use the same words while associating themwith different attributes,
values, relations, or priorities. We therefore define conceptual mis-
alignment in terms of divergence between collaborators’ situated
conceptual frames rather than agreement or disagreement at the
level of language.

Definition 2 (Conceptual Misalignment). Given two situated con-
ceptual frames F𝑖 and F𝑗 constructed for task 𝑇 , their conceptual
divergence can be characterized as

Δ𝑇 (F𝑖 , F𝑗 ) = (Δ𝐴, Δ𝑉 , Δ𝑅, Δ𝐶 , Δ𝑂 , Δ𝑊 , Δ𝐶𝐹 )𝑇 ,

where:
• Δ𝐴 captures differences in which attributes are represented;
• Δ𝑉 captures differences in the values associated with corre-
sponding attributes;

• Δ𝑅 captures differences in relations or dependencies among
frame elements;

• Δ𝐶 captures differences in constraints over permissible
configurations;
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• Δ𝑂 captures differences in optimization criteria or pre-
ferred directions;

• Δ𝑊 captures differences in relative importance or salience;
and

• Δ𝐶𝐹 captures differences in higher-level conceptual fields
or framings.

These components describe the locus of conceptual misalign-
ment. Two collaborators might represent the same attribute but
instantiate different values, producing Δ𝑉 . One might treat read-
ability as relevant while the other omits it, producing Δ𝐴. They
may agree on attributes and values but disagree about how two
elements depend on one another, producing Δ𝑅 , or about which
configurations are permissible, producing Δ𝐶 . They may pursue dif-
ferent desired outcomes or assign different importance to the same
considerations, producing Δ𝑂 or Δ𝑊 , or construe the task through
different broader framings, producing Δ𝐶𝐹 . Tables 1–4 summarizes
several sources of such divergence in terms of the process model
developed above. A more complete discussion of these sources and
their supporting literature is provided in Appendix A.

Importantly, divergence need not remain localized. Because
frame elements are related, changing one component can produce
downstream consequences for others. Revising typography from
formal to playful, for instance, may alter appropriate font weight,
spacing, imagery, or visual hierarchy. Conceptual repair cannot
always be modeled as independently replacing one value with
another; some changes require revising or propagating changes
through the surrounding frame. Further, conceptual misalignment
is also graded and dynamic. Collaborators may differ substantially
on a single frame element or subtly across many. As they commu-
nicate, manipulate artifacts, and encounter new information, their
respective frames can change, causing them to move closer together
or farther apart. Misalignment is not necessarily an exceptional
conversational failure, but a persistent possibility in collaborative
activity [143]. The next question is consequently not whether collab-
orators’ frames are identical, but whether the remaining differences
are consequential enough to matter for the joint task.

3.5 When Is Conceptual Alignment Sufficient?
Successful collaboration does not require collaborators to con-
struct identical conceptual representations. They may differ in
background knowledge, prior associations, or other aspects of their
situated frames while still making compatible judgments and coor-
dinating their actions. What matters is whether the differences that
remain are consequential for the joint activity at hand. A relatively
small disagreement about a critical safety requirement, accessi-
bility constraint, or design priority may substantially alter what
collaborators decide or produce, whereas much larger differences
in peripheral associations may have no effect on their ability to
proceed together. Conceptual alignment is thus task sufficient align-
ment.

4 Alignment Games: How Can Collaborators
Repair Conceptual Misalignment?

Because situated frames evolve as collaborators act and receive
feedback, alignment is likewise an ongoing interactive process. Our
account builds on a long tradition of treating communication as

collaborative action. Speech-act theory characterizes utterances in
terms of the effects speakers intend to produce [6, 119]; grounding
and common-ground theories describe how collaborators establish
and repair shared understanding [35, 36]; and interactive align-
ment accounts explain how interlocutors converge across linguis-
tic and situational representations [42, 103]. Related work shows
that collaborators form local conceptual pacts [30, 58] and coordi-
nate through artifacts that can accommodate multiple interpreta-
tions [27, 73, 124]. Most directly, dialog games formalize recurring
patterns of communicative initiative, response, and repair [56, 83].

Alignment Games extend these traditions by shifting the object
of coordination from whether an utterance has been understood
to the task-specific conceptualization guiding action. Collaborators
may share a referent and understand the same words while still
disagreeing about which attributes matter, what values they should
take, how they relate, or which considerations should be prioritized.
Alignment Games describe the interactional work through which
these conceptual differences become inspectable and repairable.

4.1 What Is an Alignment Game?
Definition 3 (Alignment Game). An Alignment Game is a struc-
tured, multi-turn interaction through which collaborators diagnose,
negotiate, repair, and validate task-relevant differences between
their situated conceptual frames.

An Alignment Game begins when collaborators encounter ev-
idence that their current conceptualizations may not support co-
ordinated action in the situation at hand. This need not mean that
they are misaligned with respect to the entire task, a difference
may become consequential only for a particular decision or subtask.
Evidence of misalignment can be direct, as when a collaborator
says, “I do not think we mean the same thing by playful.” It can
also be indirect, as when a collaborator evaluates an artifact as “too
childish,” produces an unexpected result, or takes an action that
conflicts with the other’s expectations. Such evidence makes some
task-relevant difference in their situated frames available for inspec-
tion. Collaborators respond through one or more alignment moves:
actions intended to reveal, modify, or test some part of a collabora-
tor’s task-relevant conceptualization. An alignment move may be
linguistic—for example, asking what “playful” means, proposing a
more specific attribute, or stating a preference—but it need not be
a speech act. Collaborators can also point to an example, modify
an artifact, compare alternatives, or enact a possible interpretation.
What distinguishes an alignment move is its function rather than
its communicative form; it is performed to affect the conceptual
representation guiding subsequent joint action.

As shown in Figure 4, a move need not immediately produce
agreement. Its addressee may accept it, reject it, counter it, reinter-
pret it, or enact it only partially. The resulting response provides
new evidence from which the collaborators update their respec-
tive frames and decide whether additional repair is necessary. The
game proceeds iteratively through a recurring pattern of evidence
of divergence → diagnosis or repair → uptake → frame update →
validation. It ends when the remaining difference is task-sufficient,
or when the collaborators abandon or defer the repair.

An Alignment Game is successful when collaborators reach the
task-sufficient state defined in Section 3.5; peripheral differences
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Table 1: Sources of divergence in conceptual inputs. Differences in the information available to collaborators can lead them to
construct different situated conceptual frames.

Source Dimensions that can vary Possible frame differences

External situation Grain size, tangibility, familiarity, and temporal, spatial, social, or hypothetical
distance can alter what aspects of a situation are available or treated as relevant [15,
38, 77, 116, 135, 146].

Different attributes or priorities become salient
(Δ𝐴,Δ𝑊 ), while different values, constraints, or levels
of abstraction may be inferred (Δ𝑉 ,Δ𝐶 ,Δ𝐶𝐹 ).

Internal task context Goals, goal abstraction, motivations, values, roles, resource constraints, and affect
shape perceptual selection and what knowledge is recruited [10, 20, 43, 50, 52, 55,
59, 134, 138].

Different attributes become salient (Δ𝐴,Δ𝑊 ), and col-
laborators may establish different optimization criteria,
preferred values, or constraints (Δ𝑂 ,Δ𝑉 ,Δ𝐶 ).

Prior knowledge, acquisition,
and expertise

Different exemplars, prototypes, causal theories, episodic experiences, learning
modalities, and levels of expertise provide different material for conceptual con-
struction [11, 14, 18, 45, 63, 86, 87, 92, 105, 113, 129, 139, 140].

Different candidate attributes, defaults, relations,
or broader conceptual structures may be recruited
(Δ𝐴,Δ𝑉 ,Δ𝑅 ,Δ𝐶𝐹 ).

Social and cultural experience Instruction, social learning, community norms, and cultural experience shape which
distinctions are learned, which values are conceivable, and which ideals are desir-
able [5, 19, 26, 70, 82, 88, 93–95, 118, 141, 142].

Different defaults, acceptable values, constraints, op-
timization criteria, and broader framings can emerge
(Δ𝑉 ,Δ𝐶 ,Δ𝑂 ,Δ𝐶𝐹 ).

Table 2: Sources of divergence in conceptualization processes. Even given similar inputs, collaborators can construct different
interpretations because the processes that select, retrieve, organize, and evaluate information can vary.

Source Dimensions that can vary Possible frame differences

Perception and attention Perceptual sensitivity, expertise, goals, attentional focus, joint attention, and cog-
nitive load affect which information collaborators extract from the same situa-
tion [29, 33, 55, 127, 132, 144].

Different evidence enters conceptualization, affecting
represented attributes and their salience (Δ𝐴,Δ𝑊 ),
with downstream effects on other frame components.

Retrieval Frequency and recency of use, contextual relevance, encoding strength, interference,
and semantic-network structure affect which knowledge becomes accessible [3, 31,
67, 91, 102, 104].

Different attributes, candidate values, exemplars, re-
lations, or conceptual associations may be recruited
(Δ𝐴,Δ𝑉 ,Δ𝑅 ,Δ𝐶𝐹 ).

Reasoning Collaborators can employ different analogies, metaphors, causal models, levels of
abstraction, conceptual combinations, or inferential strategies [34, 57, 61, 65, 97,
131].

Different inferential paths can produce different values,
relations, constraints, optimization criteria, or broader
framings (Δ𝑉 ,Δ𝑅 ,Δ𝐶 ,Δ𝑂 ,Δ𝐶𝐹 ).

Simulation Collaborators may imagine different users, future situations, contexts of use, or
consequences when evaluating an emerging interpretation [16, 21].

Different attributes, constraints, consequences,
or preferred directions may become relevant
(Δ𝐴,Δ𝐶 ,Δ𝑂 ,Δ𝑊 ).

Cognitive effort and metarea-
soning

Working-memory capacity, depth of deliberation, confidence calibration, perceived
fluency, and metacognitive control affect how extensively an interpretation is
elaborated and evaluated [2, 32, 49, 64, 71, 108, 133, 137].

One collaborator may construct a more elaborated or
internally constrained frame than another, producing
differences across multiple components.

Table 3: Sources of divergence in concepts and frame structure. Properties of concepts and their learned organization influence
how situated conceptual frames can be instantiated.

Source Dimensions that can vary Possible frame differences

Concept properties Concepts differ in concreteness, abstraction, context availability, situational system-
aticity, semantic diversity, associative structure, semantic richness, and hierarchical
position [20, 21, 24, 25, 34, 39, 54, 72, 98, 109, 117, 128, 135].

Some concepts constrain interpretation relatively
tightly, while others permit broader differences
in attributes, values, relations, and framing
(Δ𝐴,Δ𝑉 ,Δ𝑅 ,Δ𝐶𝐹 ).

Attribute structure People vary in which attributes they associate with a concept and which properties
they consider central, diagnostic, ideal, or causally explanatory [8, 11, 13, 61, 92, 113].

Collaborators may include or omit different attributes
(Δ𝐴) or assign them different relative importance
(Δ𝑊 ).

Values and acceptable ranges Defaults, prototypes, ideals, thresholds, and acceptable ranges vary with experience,
context, community, and culture [8, 11, 84, 85, 94, 113].

Shared attributes may be instantiated differently (Δ𝑉 ),
or collaborators may disagree about which values sat-
isfy relevant constraints (Δ𝐶 ).

Relations and constraints People differ in causal theories, assumptions about which properties co-vary, and
beliefs about which combinations are possible, permissible, or necessary [46, 47, 61,
92].

Frames may encode different dependencies (Δ𝑅 ) or con-
straints (Δ𝐶 ), causing changes to propagate differently
through each frame.

Priorities and optimization When desirable properties compete, collaborators can differ in which outcomes
they optimize and which trade-offs they accept [10, 11, 66, 100].

Collaborators may pursue different preferred direc-
tions (Δ𝑂 ) or assign different importance to otherwise
shared concerns (Δ𝑊 ).

Broader conceptual framing The same task can be situated within different conceptual fields, abstraction levels,
analogical frames, or culturally learned systems of meaning [17, 19, 70, 135, 146].

Different higher-level framings (Δ𝐶𝐹 ) can reorganize
which attributes, values, relations, constraints, and pri-
orities appear relevant.

may remain. Moreover, convergence need not be one-sided. One
collaborator may revise toward the other’s interpretation, both may
change, or interaction with the evolving artifact may lead both
toward a new interpretation that neither initially held.

4.2 What Is an Alignment Move?
An alignment move is the basic functional unit of an Alignment
Game. Unlike a dialog act [83], which characterizes the communica-
tive function of an utterance (e.g., asking, informing, confirming),
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Table 4: Sources of divergence introduced through communication. Even when collaborators begin with relatively compatible
situated frames, communicating those frames through limited external channels can introduce additional differences. We treat
these factors as cross-cutting rather than as a fourth locus in the situated conceptualization model.

Source Dimensions that can vary Possible frame differences

Underspecification Speakers routinely omit information they expect collaborators to recover from
shared context and common ground; when this assumed overlap is weak, recipients
must infer missing details [35, 48].

Different attributes, values, constraints, or pri-
orities may be supplied during reconstruction
(Δ𝐴,Δ𝑉 ,Δ𝐶 ,Δ𝑊 ).

Ambiguity and polysemy The same expression can support multiple interpretations, and contextual cues may
be insufficient to determine which sense or conceptual frame was intended [35, 69].

Collaborators may activate different values, relations,
or broader conceptual framings (Δ𝑉 ,Δ𝑅 ,Δ𝐶𝐹 ).

Vagueness and granularity Expressions can intentionally or unintentionally leave boundaries, thresholds, or
levels of precision unspecified [6, 62].

Collaborators may adopt different acceptable ranges,
levels of abstraction, constraints, or optimization
thresholds (Δ𝑉 ,Δ𝐶 ,Δ𝑂 ,Δ𝐶𝐹 ).

Compression Rich conceptual representations must be externalized through comparatively sparse
linguistic, visual, or symbolic expressions, so only a subset of the underlying frame
is communicated [48].

Recipients may reconstruct omitted structure differ-
ently, producing divergence across multiple frame com-
ponents.

Differences in common ground Collaborators can differ in what they believe is mutually known, salient, or already
established in the interaction [35, 36, 74].

Information one collaborator treats as implicit may be
absent from the other’s frame, producing differences
in attributes, constraints, values, or framing.

Channel and modality Different communicative channels provide different affordances for grounding and
repair: language can express abstractions efficiently, while visual artifacts, gesture,
or direct manipulation can make referents and spatial relations more explicit.

What can be externalized or verified differs across chan-
nels, affectingwhich frame components remain implicit
or become jointly inspectable.

Misalignment
Detected

Move
Proposal Respond

Breakdown

Frame
Update

Alignment
Complete

S1 S2 S3

S6

S4 S5Initiate
Alignment

Counter

Evaluate

Counter

Verify

Accept Verify

Figure 4: The Alignment Game cycle. Evidence from an utterance, action, or artifact can reveal a possible conceptual difference.
A collaborator responds with an alignment move intended to diagnose, repair, or validate that difference. The partner’s uptake—
acceptance, rejection, counterproposal, or partial enactment—provides new evidence and may update one or both situated
frames. The cycle continues until the remaining difference is sufficiently small for the joint task or the repair is abandoned.

an alignment move is defined by its intended effect on a collab-
orator’s situated conceptual frame. Specific moves can also have
preconditions. An example is useful only if the partner can interpret
the exemplar; a direct value repair presupposes that the relevant
attribute is already shared; and an analogy requires sufficient knowl-
edge of the source domain. Whether a move succeeds depends not
only on its theoretical fit to the misalignment but also on whether
the partner can recognize and take up the intervention.

We characterize an alignment move along five dimensions:

• Function: whether the move primarily diagnoses, repairs,
negotiates, or validates a conceptual difference;

• Locus: whether it intervenes on the situation, the con-
struction process, or the conceptual frame;

• Target: the particular information, process, or frame com-
ponent the move addresses;

• Scope: whether the intervention is local to a single element,
spans several related elements, or reorganizes the interpre-
tation more broadly; and

• Expected effect: the difference the move is intended to
reveal or reduce, such as Δ𝐴 , Δ𝑉 , Δ𝑅 , Δ𝐶 , Δ𝑂 , Δ𝑊 , or Δ𝐶𝐹 .

We organize alignmentmoves by the locus at which they intervene
in the situated conceptualization model. This organization connects
the interaction framework directly to the cognitive account in Sec-
tion 3: a repair can alter the information entering conceptualization,
the processes used to construct an interpretation, or the resulting
conceptual frame itself.
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4.2.1 Situation-Level Moves: Changing the Basis for Conceptualiza-
tion. Situation-level moves intervene on the information from
which a conceptualization is constructed. They can establish a
shared referent, add missing evidence, narrow attention to rele-
vant parts of the situation, clarify goals or constraints, or introduce
examples that provide additional grounding. Rather than directly
specifying how the partner’s frame should change, these moves
alter the evidence or task context fromwhich the partner constructs
it. Situation-level repair is particularly useful when collaborators
may be reasoning from different artifacts, instructions, contexts, or
assumptions. For example, “Ignore the footer; I mean the title area”
changes which part of the artifact is treated as relevant, while “This
will be viewed from across a school hallway” introduces contextual
information that can subsequently alter attributes such as text size
and contrast.

4.2.2 Process-Level Moves: Changing How the Frame Is Constructed.
Process-levelmoves intervene on the cognitive operations through
which available information is transformed into a situated frame.
They can redirect attention, cue retrieval, encourage decomposition
or abstraction, invoke analogy, or ask the collaborator to simulate a
possible situation. These moves are useful when the desired change
is difficult to express as a direct edit to a frame component or when
collaborators need to explore alternative ways of construing the
task. For example, “Imagine a five-year-old seeing this from across
the hallway” does not directly prescribe a font size or contrast value.
Instead, it recruits simulation, which may cause those attributes and
constraints to become salient. Similarly, “Think of this more like a
children’s museum than a birthday party” can invoke analogical
reasoning that reorganizes several parts of the frame at once.

4.2.3 Frame-Level Moves: Directly Revising the Conceptual Frame.
Frame-level moves intervene directly on the situated conceptual
frame. Once collaborators have localized a difference, they can add
or remove attributes, propose values, revise dependencies, establish
constraints, change priorities, or adopt a different broader framing.
These moves provide the most direct correspondence between inter-
action and the components introduced in Definition 1. Importantly,
a frame-level move is not necessarily a simple parameter update.
Because frame elements can depend on one another, changing one
component may require coordinated downstream changes. Setting
typography from formal to playful, for example, may change ap-
propriate font weight, spacing, imagery, or hierarchy. Frame-level
moves can be local or propagate through a larger portion of the
representation.

Note that the three families are complementary. A situation-
level move can cause a frame-level update, and a process-level
move can reorganize several frame elements simultaneously. We
classify a move according to where the collaborator intervenes, not
according to every downstream consequence that intervention may
produce. Further, individual alignment moves become games when
they are taken up and combined across turns. We do not assume a
single canonical sequence. Rather, different patterns become use-
ful depending on what collaborators currently know about the
misalignment and how the partner responds.

4.3 What Factors Inform Move Selection and
Repair Effort?

The utility of any move at a given moment depends not only on the
underlying divergence, but also on what collaborators currently
know about it and how much coordinated change is required to
resolve it.We characterize this variation along three complementary
dimensions: diagnostic specificity, task significance, and repair effort.

4.3.1 Diagnostic specificity. The first dimension captures how pre-
cisely a collaborator has localized the mismatch. At one extreme,
they may only know that “something feels off.” At the other, they
may identify a particular frame element, such as the value of ty-
pography or the relative priority of readability and novelty. Diag-
nostic specificity depends on what evidence about the partner’s
interpretation is available. When only an artifact or response is
visible, collaborators may have to infer the underlying source of
the mismatch from its effects. Interfaces that expose portions of an
operational frame can make this diagnosis more direct by revealing
which attributes, values, relations, or priorities are currently shap-
ing the system’s interpretation. When specificity is low, a useful
alignment move may seek additional evidence before attempting
repair.

4.3.2 Task Significance. The second dimension captures whether a
conceptual difference is consequential for the current joint activity.
The extent of representational difference and its task significance
need not coincide. Collaborators may differ substantially in back-
ground associations or peripheral aspects of their situated frames
while still making compatible judgments and coordinating their
actions. Conversely, a relatively small disagreement about a critical
constraint or priority may substantially change what they produce,
evaluate, or do next. Task significance can also change during an
Alignment Game. A difference that is irrelevant while collabora-
tors are establishing the broad direction of a design may become
consequential when they must select a particular representation,
evaluate an artifact, or choose how to proceed.

4.3.3 Repair Effort. The third dimension captures how much in-
teraction is required to move from the current misalignment to
a task-sufficient state. Some differences can be repaired locally. If
both collaborators already represent typography as relevant but dis-
agree only about its preferred value, for example, a single contrast
or value-setting move may be sufficient. Other differences require
broader repair. Reframing a poster from a “birthday invitation” to
“children’s educational material,” for instance, may alter several
elements of the situated frame at once, including which attributes
are relevant, what values they take, how they relate, and which
considerations are prioritized.

Repair effort depends on both the number and difficulty of moves
required. Moves can differ in how difficult they are to formulate,
interpret, coordinate, and incorporate. Repair can also introduce
collateral change. A move may correct the targeted mismatch while
unnecessarily altering parts of the frame that were already satis-
factory. Effective repair seeks a task-sufficient state with as little
unnecessary change as possible.

4.3.4 Move selection under uncertainty. Together, the above di-
mensions shape which move is useful at a particular point in an
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Table 5: Situation-level alignment moves. These moves intervene on situational and task information that serves as input to
situated conceptualization.

Move Function Target / Intended effect Example

Ground(𝑒 ) Repair, validate Situational elements: establishes a shared referent or directs
collaborators to the same observable element.

“This icon is the mascot.”

Augment(𝑒 ) Repair Situation / context: introduces missing information or re-
sources that should enter conceptualization.

“Here is the brand palette.”

Filter(𝑒, scope) Repair Situational elements: narrows the relevant evidence or ex-
cludes information that should not influence the interpreta-
tion.

“Ignore the footer; focus on the title area.”

SpecifyContext(𝑔, 𝑟, 𝑐 ) Diagnose, repair, validate Goals, roles, constraints: makes relevant task context ex-
plicit so collaborators reason from compatible conditions.

“Brand compliance is required, and this is
for five-year-olds.”

ProvideSchema(𝑓 ) Repair Situation–frame coupling: provides an organizing schema
through which available information can be interpreted.

“Read this as a Z-layout: title at the top, im-
age in the center, caption below.”

Simulate(𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 ) Diagnose, repair Prospective situation: introduces an imagined condition
or context that can reveal additional constraints, goals, or
consequences.

“Picture this being viewed on a billboard out-
doors at noon.”

Flag(𝑒, 𝑠𝑡𝑎𝑡𝑢𝑠 ) Repair Element status: marks an observable element as discrepant,
satisfactory, or otherwise relevant to the mismatch.

“This color is too dull.”

Example(+) Diagnose, repair, validate Exemplar / values: provides a positive anchor from which
intended attributes or values can be inferred.

“Like these children’s museum posters—
bright, playful, but still clear.”

CounterExample(−) Diagnose, validate Negative exemplar / values: rules out an interpretation or
region of the conceptual space.

“Not like a Halloween poster; avoid muted
grays.”

SpecifyOutput(𝑠𝑝𝑒𝑐 ) Validate Output criteria: makes externally verifiable requirements
for the resulting artifact explicit.

“Let’s target at least 4.5:1 contrast for body
text.”

Table 6: Process-level alignment moves. These moves intervene on reasoning processes used to construct, elaborate, reorganize,
or evaluate situated conceptual frames.

Move Function Target / Intended effect Example

Decompose(𝑎) Repair Attributes (𝐴): splits an overloaded or coarse attribute into
more specific sub-attributes that can be reasoned about sepa-
rately.

“Decompose typography into family, weight,
size, and spacing.”

Abstract(𝑙𝑒𝑣𝑒𝑙 ↑ /↓) Repair Attributes / values: changes the level of abstraction or gran-
ularity at which the concept is being reasoned about.

“Not navy versus teal—think warm versus
cool palette.”

Restructure(ℎ) Repair Frame / hierarchy: reorganizes the structure or ordering of
frame elements.

“Shift to a type-first layout; text leads and
the image supports.”

AnalogicalMap(𝑠𝑟𝑐 ) Probe, repair Relations / values: transfers relational structure from a fa-
miliar source domain to reorganize the current interpretation.

“Lay it out like a metro map: line colors are
categories and stops are sections.”

BlendConcepts(𝑐1, 𝑐2 ) Repair, create Values / conceptual fields: synthesizes selected structures
or values from two conceptual sources.

“Blend magazine minimalism with
children’s-book playfulness.”

Elaborate(𝑑𝑒𝑡𝑎𝑖𝑙 ) Repair Attributes / values: expands an underspecified concept by
generating additional detail or distinctions.

“Define what you mean by ‘playful’.”

Counterfactual(𝑠′ ) Probe Constraints / optimization: stress-tests an interpretation
under an altered hypothetical condition.

“What if it had to work in black and white
only?”

TeachHeuristic(ℎ) Teach, repair Optimization / constraints: provides a reusable rule or pro-
cedure for constructing or evaluating a frame.

“When clarity fails, check scale, then weight,
then spacing, then color.”

WorkedExample(𝑒𝑥 → 𝑝𝑟𝑜𝑐 ) Teach, probe Frame-construction process: demonstrates a construction
procedure step by step so that it can be reproduced or in-
spected.

“Start with one focal element, add subheads,
then details, and verify with the squint test.”

ThinkAloudDemo(𝑝𝑟𝑜𝑐 ) Teach Reasoning / evaluation process: externalizes tacit criteria
or reasoning steps that would otherwise remain implicit.

“I check alignment by tracing invisible
columns before adjusting color.”

Alignment Game. A move may be valuable because it helps localize
the mismatch, reduces a difference that matters for the task, or
reaches a task-sufficient state with relatively little additional effort.

These considerations are not intended as quantities that collabo-
rators explicitly optimize. Rather, they characterize the tradeoffs
that arise during conceptual repair. When diagnostic specificity
is low, moves that produce better evidence about a collaborator’s
interpretation may be more useful than moves that immediately
attempt to change it. Once the mismatch has been localized, repair
can focus on the differences that matter for the current task. Among
otherwise adequate repairs, collaborators may favor moves that

require less coordination and introduce fewer unnecessary changes
to parts of the frame that are already compatible.

The usefulness of a move depends on both the current state of
misalignment and the evidence available about it. Making an opera-
tional frame observable may improve specificity by exposing where
the system’s interpretation differs, while move scaffolds may help
collaborators translate that diagnosis into an appropriate interven-
tion. In our framework, the three move families characterize where
and how collaborators can intervene, whereas diagnostic specificity,
task significance, and repair effort characterize the conditions that
shape which intervention is useful at a particular moment.
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Table 7: Frame-level alignment moves. These moves intervene directly on components of the situated conceptual frame.

Move Function Target / Intended effect Example

ScopeAttribute(𝑎) Repair, expand Attributes (𝐴): introduces an attribute that should be repre-
sented as relevant, reducing an attribute-level mismatch.

“Let’s add texture as an attribute.”

PruneAttribute(𝑎) Repair Attributes (𝐴): removes an attribute that is irrelevant, redun-
dant, or unnecessarily represented.

“We don’t need to track border width sepa-
rately.”

Group( [𝑎] ) Repair Attributes (𝐴): coordinates several attributes as a meaningful
conceptual bundle.

“Treat color, type, and icon style together as
one playfulness bundle.”

CalibrateMetric(𝑎,𝑚) Repair, validate Values / measurement: aligns how variation along an at-
tribute is represented or measured.

“Font size here means points, not pixels.”

ProposeValue(𝑎, 𝑣) Elicit, repair Values (𝑉 ): proposes a candidate value for a shared attribute. “The header color should be deep blue.”

Relate(𝑎𝑖 , 𝑎 𝑗 ) Repair Relations (𝑅): establishes or revises a dependency between
frame elements.

“Line height should increase when font size
increases.”

ProbeValue(𝑎, 𝑣1, 𝑣2 ) Probe, repair Values (𝑉 ): tests a distinction between candidate values to
localize the intended setting.

“Which works better: this font weight or the
lighter one?”

InduceVal(𝑎, 𝑒𝑥 → 𝑟 ) Repair, validate Values (𝑉 ): uses exemplars to infer an intended value or
acceptable value range.

“Target colors typical of vintage science
prints.”

SetConstraint(𝑐 ) Repair, validate Constraints (𝐶): specifies a requirement governing permis-
sible frame configurations.

“Contrast must be at least 4.5:1 for body text.”

SetOptimization(𝑜 ) Diagnose, repair Optimization criteria (𝑂): specifies the preferred direction
in which the task should be optimized.

“Prioritize readability over novelty.”

MapField(𝑐 𝑓 ) Repair, probe Conceptual field (𝐶𝐹 ): anchors the interpretation within a
broader conceptual region or family.

“Think of this as playful minimalism.”

Reframe(𝑓 ′ ) Repair Frame / conceptual framing: reorganizes the interpretation
around a different higher-level frame.

“Treat this as a campaign poster, not a flyer.”

SetWeight(𝑎, 𝑤 ) Repair, validate Importance (𝑊 ): changes the relative importance assigned
to a represented concern.

“Accessibility should count more than aes-
thetics.”

Distinctor(𝑎) Repair Conceptual field / frame: uses a distinguishing attribute
to constrain the conceptual perspective through which the
concept is interpreted.

“Interpret ‘playful’ specifically through the
lens of visual simplicity.”

5 Alignment Games in Existing Human–AI
Interfaces

To illustrate the applicability of Alignment Games, we revisit break-
downs reported in three HCI systems spanning educational content
generation, creative coding, and argumentative writing (Figure 5).
We interpret each breakdown through our framework and sketch
a plausible sequence of alignment moves that could support its
diagnosis and repair. Note that these examples are analytic reinter-
pretations, not evaluations of the original systems or claims about
the actual internal representations of their users or models. In-
stead, they ask where a consequential conceptual difference might
lie, which moves could address it, and what interface affordances
would make those moves easier to perform.

5.1 Salience Alignment Game
In an AI-assisted quiz-generation system [78], teachers select text-
book content from which an AI generates questions. The evalu-
ation reports cases in which question quality suffered because it
was “hard for the AI to identify what to focus on.” One plausible
interpretation is a conceptual mismatch around what counts as
important in the selected text. A system might emphasize surface
cues such as entity frequency or discourse position, whereas an
instructor might prioritize causal mechanisms, central claims, or
ideas that students should be able to apply. The resulting difference
may therefore involve both the attributes treated as relevant (Δ𝐴)
and their relative priority (Δ𝑊 ).

A Salience Alignment Game could proceed through the following
moves:

• Present(F): The system exposes its operational frame for
importance, including candidate attributes such as entity fre-
quency, discourse position, lexical novelty, and rhetorical role.
Making these attributes visible helps the instructor local-
ize how the system is currently determining what deserves
attention.

• Prune(A): The instructor removes attributes that should not
drive question generation, such as entity frequency or lexical
novelty.

• Simulate(scenario): The instructor asks the system to re-
consider importance relative to a learning outcome—for ex-
ample, “What should a student understand well enough to
apply the mechanism of energy transfer in a new problem?”
The simulation may surface additional attributes such as core
causal relations, explanation depth, or transfer relevance.

• SetWeight(w): The instructor adjusts the relative impor-
tance of these attributes, for example increasing the priority
of causal relations while reducing that of rhetorical position.
The revised operational frame then conditions subsequent
question generation.

Here, the moves shift interaction from repeatedly regenerat-
ing questions to directly negotiating what importance means for
the instructional task. Present supports diagnosis, while Prune,
Simulate, and SetWeight provide increasingly targeted means of
repairing the operative conceptualization.

5.2 Conceptual Blend Alignment Game
Spellburst supports exploratory creative coding through natural-
language prompts and allows users to semantically merge elements
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(A) Salience Alignment Game 

(B) Conceptual Blend Alignment Game

(C) Epistemic Grounding Game

A teacher selects a passage and asks AI
to generate a quiz question. The generated
question is plausible but misses what is
important in this text. The AI presents its
situated conceptual frame for “importance.”

Solar energy reachers Earth
in the form of radiation. The
energy drives the climate 
system and powers
photosynthesis

concept clarity

process knowledge 

CONCEPT: IMPORTANT

diagnostic value

 Move: Present Frame (F)

concept clarity

Process knowledge 

CONCEPT: IMPORTANT

Diagnostic Value

Q: What form does solar
energy reach Earth in?

Move: Prune Attributes (A)

Teacher removes irrelevant attributes

concept clarity

CONCEPT: IMPORTANT

Move: Simulate (scenario)

Induce new attributes based on 
a student learning objective.

core causal relations

abstraction

explanation depth

“What should a student 
understand well enough 
to apply the mechanism
of energy transfer in a
new problem?”

concept clarity
CONCEPT: IMPORTANT

Move: SetWeight (w)

Adjust attribute weights and 
regenerate question.

core causal relations

abstraction

explanation depth

Q: How does solar energy transfer help drive the climate
system, and what might happen if this process was
disrupted on earth?

 Move: Present Frames (F1, F2) Move: Analogical Map (CF1, CF2) Move: Propose (f) Move: Evaluate & Refine

color

particle density

geometry

motion

lightning

fluidity “Imagine the jellyfish
motion cosmic current 
flowing through the stars”

CONCEPT: JELLYFISH CONCEPT: STAR FIELD

Pulsating Frequency             Twinkle Frequency
Tenticle Flow                          Particle Drift
Bioluminiscent Glow              Color palette

Jellyfish Glow

Motion Blend

Particle Density

Bioluminiscent

An artist merges two visual sketches, but the 
result is surprising and incoherent. To repair,
the AI presents both conceptual frames. 

The artist specifies how to combine the two
images using analogous mapping

 Move: Teach (F) Move: Decompose(a) Move: Conceptualize(s)

CONCEPT: STAR FIELD JELLYFISH 

CONCEPT: STAR FIELD JELLYFISH 

A writer asks for supporting evidence, but the
AI provided vague or unsupported claims.

“I am writing an essay on urban
green spaces and mental health.
Find evidence to support 
my claim.”

Many studies suggest that 
green spaces can improve 
mental health...

TOULMIN’S ARGUMENT STRUCTURE (FRAME)

The AI shows the proposed correspondance 
between attributes across the frames The artist adjusts weights and tweaks 

attribute weights if needed

“breakdown and
organize the evidence
into method type,
source status...”

evidence

CONCEPT: ARGUMENT

source status method type

warrent type

SUB-FRAME: EVIDENCE

Warrent: A 2022 randomized controlled trial 
found that individuals with regular access to
urban green spaces reported significantly 
lower levels of anxiety (β = 0.32, p < 0.01) 
compared to a control group . 
Source Status: [Smith et al., 
2022]...

 To repair, the writer introduces a reasoning 
schema. Writer then breaks down the evidence attribute

using specific attributes
AI generates new text organized by the 
evidence schema

Figure 5: Example Alignment Games.

from different sketches [4]. Its evaluation reports that some merge
operations produced results participants found surprising or in-
coherent. One possible interpretation is that the user and system
differed in what properties of the source sketches should partici-
pate in the concept of merging. Such a mismatch could involve the
conceptual fields activated by each sketch (Δ𝐶𝐹 ), which attributes
are carried into the blend (Δ𝐴), and their relative importance (Δ𝑊 ).

A Conceptual Blend Alignment Game could proceed as follows:

• Present(F1, F2): When a merge is initiated, the system
presents operational frames for the two source sketches.
For example, one frame might expose geometry, motion, and
lighting for a jellyfish sketch, while the other exposes particle
density, motion, and color palette for a star-field sketch. This
makes visible which properties could potentially participate
in the merge.

• AnalogicalMap(CF1, CF2): The user specifies a desired
relation between the sources—for example, “imagine the jel-
lyfish motion as a cosmic current flowing through the stars.”
Alternatively, the user could explicitly select properties to
blend or prune properties that should not transfer.

• Propose(f):The system proposes candidate correspondences,
such as mapping pulsation frequency to twinkle frequency
or tentacle flow to particle drift, and previews the resulting
blend.

• Evaluate(v): The user inspects the proposal and resulting
sketch. If consequential differences remain, they can con-
tinue the game with moves such as SetWeight to reduce the
influence of an unwanted property or Prune to remove it
entirely.
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This example illustrates repair as a trajectory rather than a single
correction. Present helps localize what the system is carrying
across the merge;AnalogicalMapmakes the intended relationship
explicit; and Propose and Evaluate allow that interpretation to be
tested before further repair. Such support can also reduce collateral
change by making alternative mappings inspectable before they
are committed.

5.3 Epistemic Grounding Game
VIZAR is an AI-assisted writing system that provides “argumen-
tation sparks” for expanding or strengthening an argumentative
essay [147]. Participants reported that some suggestions were too
vague or insufficiently supported; for example, a request for support-
ing evidence could produce a statement such as “there is scientific
research to prove this” without specifying the source or how it
supports the claim. One possible interpretation is a mismatch in
what counts as adequate supporting evidence for the current writing
task. Here, the divergence may involve the constraints governing
acceptable evidence (Δ𝐶 ), the values instantiated for evidence type
or source (Δ𝑉 ), and the relative priority assigned to criteria such as
rigor and persuasiveness (Δ𝑊 ).

An Epistemic Grounding Game could involve:
• Teach(c):The user provides a reasoning structure that should
organize the system’s interpretation of evidence—for exam-
ple, Toulmin’s sequence of Claim⇒ Evidence⇒Warrant⇒
Backing⇒ Qualifier. Rather than merely asking for “better
evidence,” this move makes explicit the epistemic roles that
supporting information should satisfy.

• Decompose(a): The user decomposes evidence into more
specific attributes, such as source status, method type, effect
size, recency, and warrant type. These attributes provide a
more explicit representation of the criteria through which
candidate evidence should be interpreted and evaluated.

• Conceptualize(s): The system reconstructs its operational
interpretation of adequate supporting evidence using this
structure and generates an argumentation spark consistent
with the revised frame.

Unlike the previous examples, the repair here is not primarily a
matter of selecting a different value. The user changes the concep-
tual structure and constraints through which the system interprets
evidence.

6 Discussion
Alignment Games shifts the unit of analysis in human–AI inter-
action from whether an output satisfies a user’s goal to how col-
laborators arrive at a task-sufficient interpretation of what should
be produced. Together with the examples in Section 5, the frame-
work suggests implications for how generative interfaces can make
conceptual alignment more explicit and designable.

6.1 Design Principles for Alignment Games
Building on the example vignettes in Section 5, alignment Games
makes conceptual repair an explicit object of interface design. Our
framework suggests four design principles for helping collaborators
diagnose consequential differences, perform targeted repairs, and
reach task-sufficient alignment with less interactional effort.

P1: Make the Operative Conceptualization Observable and
Operable. A basic challenge in conceptual repair is that users
often see the product of an AI’s interpretation without seeing the
interpretation that produced it. Most generative interfaces organize
interaction around a prompt–output loop, i.e., users provide an
instruction, inspect an artifact, and revise the prompt or artifact
until the result is acceptable [41, 80]. When a result is unexpected,
users must work backward from the artifact to infer whether the
system selected the wrong attribute, instantiated an unexpected
value, omitted a constraint, prioritized the wrong consideration, or
framed the task differently.

Alignment Games suggests moving interaction upstream from
prompt-to-output toward prompt-to-frame: treating the system’s op-
erative interpretation as an interaction object that can be inspected
and revised. Such a representation might expose relevant attributes
and values, relations, constraints, priorities, exemplars, or broader
conceptual framings. Importantly, the operational frame is not in-
tended as a faithful readout of a model’s internal cognition. Rather,
it functions as a task-relative boundary object through which collab-
orators can inspect, question, and revise the interpretation guiding
generation [124].

Existing systems already instantiate parts of this principle (Fig-
ure 6). Stylette [68] and Spellburst [4] expose attributes or values
that users can inspect or manipulate; ChartEditor [145] makes
hierarchical conceptual structure editable; and systems such as
DynEx [81] and Misty [79], Intent Tagger [44], and Brickify [123]
expose broader conceptual fields for exploration. Viewed through
Alignment Games, these mechanisms make different parts of an
operative conceptualization available for diagnosis or intervention.
Because conceptual frames may themselves be hierarchical and
interconnected, interfaces may also need to support movement be-
tween levels of abstraction, from adjusting a local value to adding
an attribute, modifying a relation or constraint, or reframing the
task. The goal is not to expose an exhaustive representation at all
times, but to make the portions relevant to the current alignment
problem inspectable and actionable.

P2: Support Repair as a Composable Trajectory. Our move
taxonomy describes interventions at different loci because a visible
symptom may have several plausible conceptual causes, and chang-
ing one element can propagate through the surrounding frame. Re-
pair is inherently sequential in which collaborators gather evidence,
form hypotheses, make interventions, observe uptake, and decide
whether further repair is necessary. This perspective suggests that
interfaces should support repair paths. Early in a breakdown, when
specificity is low, a useful move may primarily reveal information
such as an example, contrast, probe, decomposition, or simula-
tion may help determine what the difference actually is. Once the
mismatch is localized, more direct changes to values, constraints,
relations, priorities, or framing become possible. Validation can
then determine whether the repair resolved the relevant difference
without disturbing aspects of the interpretation that were already
satisfactory.

Further, supporting repair trajectories means reducing the cost
of consequential changes. A user may recognize that the system
has adopted the wrong overall framing but continue making lo-
cal corrections because a broader repair risks disrupting parts of
the interpretation that already work. Alignment Games suggests
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Figure 6: Examples of existing systems that expose conceptual frame elements and support conceptual alignment interactions.

treating repair as a composable grammar, i.e., individual moves
provide reusable operators that can be combined into larger re-
pair sequences, adapted as new evidence emerges, and reversed
or branched when a path proves unhelpful. Systems can support
this compositionality through previews, reversible edits, branch-
ing alternatives, and explicit indication of which frame elements a
proposed move is likely to affect. In this sense, Alignment Games
is not a fixed command language, but a grammar for constructing
repair trajectories at different levels of scope and abstraction. Over
longer collaborations, successful frames and repair sequences could
also become reusable conceptual precedents, allowing alignment
to accumulate rather than be reconstructed from scratch.

P3: Redistribute the Work of Alignment. Current generative
systems often place most of the burden of conceptual alignment
on the human. The user must recognize that a breakdown has oc-
curred, infer what the system understood differently, decide how to
communicate the correction, and determine from subsequent out-
puts whether the correction was taken up. When the system cannot
expose or revise its interpretation, users are effectively required

to adapt their own language until it produces behavior the system
accepts. This resembles “making do” with a system’s normative
ground rather than collaboratively negotiating meaning [75, 125].

Alignment Games makes this burden visible. Conceptual repair
involves at least three forms of work: diagnostic work to determine
where the mismatch lies, repair work to formulate an intervention,
and coordination work to establish whether that intervention has
been understood and incorporated. Human collaborators distrib-
ute these responsibilities dynamically and often act according to a
principle of least collaborative effort [37]. Human–AI systems need
not reproduce human collaboration symmetrically, but they can
be designed so that the human does not perform all three forms
of work by default. Observability is one mechanism for shifting
diagnostic work away from the user: the system can externalize
an operational account of how it currently interprets the task. Op-
erability can reduce repair work by making likely interventions
easier to formulate. A further step is initiative. Rather than waiting
for a user to recognize a breakdown, future systems might detect
uncertainty or conflicting evidence in the current frame and initiate
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an alignment game themselves: “I may be interpreting ‘professional’
as visually restrained, but your examples suggest you care more
about authority and clarity. Which matters here?”

This direction reframes a capable AI collaborator as one that
participates in maintaining mutual understanding. Such a system
would need to track an operational representation of both its own
current interpretation and relevant evidence about the user’s, detect
consequential differences, and select repair moves appropriate to
the uncertainty and cost of the situation. This is a demanding
agenda, and current systems provide only partial approximations of
these abilities. The framework nevertheless gives HCI a vocabulary
for asking a more precise design question: which parts of the work
required for mutual understanding are currently performed by the
human, and which could responsibly be supported by the system?

P4: Design for Task-Sufficient Alignment As described in
Section 3.5, collaborators need only align on those aspects of their
situated conceptualizations that matter for the current joint activ-
ity. Thus, interfaces should support diagnostic exploration before
resolution. This may include interfaces for presenting alternatives,
comparing counterfactual outcomes, preserving branches, or al-
lowing collaborators to mark a difference as acceptable for the
current task. Unexpected analogies, conceptual blends, attributes,
or framings may initially appear as misalignment yet reveal possibil-
ities that neither collaborator would have produced independently.
The design objective is consequently not maximal representational
convergence, but enough mutual understanding to coordinate con-
sequential judgments and actions while preserving differences that
remain useful. In this sense, Alignment Games treats conceptual
difference not only as a source of breakdown, but also as a potential
resource for collaborative sensemaking and generation.

6.2 Conceptual Alignment as Runtime
Alignment

Alignment Games identifies a form of alignment complementary
to dominant approaches to AI alignment. Value and instruction
alignment generally concern shaping system behavior toward hu-
man preferences, intentions, or societal values [40, 96, 115]. Re-
cent HCI work has emphasized that alignment can also occur in-
teractively through specification, process, and evaluation during
use [122, 130]. Work on representational, concept, and abstraction
alignment meanwhile examines relationships between human and
machine representations [23, 106, 126].

Conceptual alignment occupies a different but complementary
position. Specifically, it concerns the runtime negotiation of a situ-
ated interpretation for a particular collaborative activity. Terms such
as “clear,” “engaging,” “appropriate,” “professional,” or “important”
cannot always be fully specified at design or training time because
their task-relevant meaning depends on the immediate situation,
goals, prior decisions, and collaborators involved. A system can
satisfy a general instruction or preference while still construing
a locally important concept differently from its user. Alignment
Games consequently treats alignment not as a property achieved
once in a model, but as an ongoing collaborative accomplishment.
Conceptual interpretations may need to be diagnosed, negotiated,
and repaired as a task changes and new evidence becomes avail-
able. This notion of runtime alignment complements design- and

training-time approaches. Instead of attempting to anticipate every
task-specific meaning in advance, interfaces can provide mecha-
nisms through which consequential meanings are made explicit
and negotiated when they matter.

6.3 Limitations
First, Alignment Games is motivated by theories of human situated
cognition, whereas contemporary AI systems have fundamentally
different architectures and may not construct or ground concepts
in human-like ways. Whether AI systems possess anything ap-
propriately described as conceptual understanding remains con-
tested [51, 90, 120]. We do not treat an AI’s situated conceptual
frame as a faithful description of its latent cognition. For AI systems,
the frame is an operational interaction representation: a task-relative
account of the interpretation currently guiding behavior that can be
inspected and repaired. Alignment Games likewise does not require
assuming that an AI possesses human-like commitments or shared
intentions. The framework can support asymmetric interaction in
which the human treats the AI primarily as a tool, as well as more
bidirectional forms in which the system takes greater responsibility
for maintaining alignment.

Second, conceptual alignment is difficult to observe directly.
A person’s situated conceptualization is only partially accessible
through language, behavior, elicitation, and artifacts, while expla-
nations generated by AI systems need not faithfully reveal their in-
ternal processing [60]. Operational frames will therefore inevitably
be partial constructions rather than complete measurements of ei-
ther collaborator’s representation. Future work should investigate
how such frames can be elicited, inferred, revised, and evaluated
without requiring users to explicitly specify every aspect of their
understanding. This includes lighter-weight elicitation techniques,
inference from interaction histories, and methods for determining
when a frame is sufficiently informative to support repair.

Third, the alignment moves we propose are intended as a genera-
tive vocabulary, not an exhaustive catalog or empirically established
policy for conceptual repair. Our examples reinterpret breakdowns
reported in prior systems to show how Alignment Games could
apply across domains; they do not demonstrate that the proposed
repair sequences are optimal, or even that the inferred misalign-
ment was the actual source of the reported breakdown. Empirical
work is needed to examine how people select and compose align-
ment moves, which moves are effective under different forms of
uncertainty, and whether interfaces based on Alignment Games
improve diagnosis or reduce repair effort relative to conventional
prompting and artifact editing. Other domains may also reveal ad-
ditional moves, recurrent game structures, or different conditions
for task-sufficient alignment.

Finally, making conceptual representations more observable in-
troduces risks. Frames may externalize goals, preferences, experi-
ences, and priorities from which increasingly detailed user models
can be constructed [121]. Human-like representations of an AI’s
“understanding” may also encourage unwarranted attributions of
agency or comprehension [101]. Systems should make clear the
operational status of such representations and provide meaning-
ful control over what conceptual information is stored, reused,
or shared. Moreover, Alignment Games addresses the narrower
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problem of negotiating task-situated meaning; it should not shift re-
sponsibility for broader questions of safety, fairness, cultural values,
or societal alignment onto individual users.

7 Conclusion
Conceptual misalignment arises when collaborators construct dif-
ferent task-relevant interpretations of the concepts guiding their
joint activity. These differences may remain hidden beneath shared
language or arise because collaborators organize the situation
around different concepts, attributes, relations, or priorities. We
introducedAlignment Games as a framework for making such differ-
ences visible and actionable during interaction. The framework com-
bines a process model of situated conceptualization, a task-relative
frame representation, and a composable vocabulary of alignment
moves spanning the situation, processes of conceptualization,
and the resulting frame. Together, these elements position con-
ceptual alignment as a runtime collaborative process for reaching
task-sufficient mutual understanding and provide a foundation for
designing AI systems that help people shape the interpretations
that guide generation.
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A Determinants of Conceptual Misalignments
Here we describe the structural conditions that make conceptual
misalignment inevitable. Specifically, differences in situational cues,
internal task context, prior knowledge and expertise, modes of
acquisition, culture, and concept-level properties systematically
alter which attributes are activated, how values are bound, and
which constraints or ideals are applied. These factors continuously
influence conceptualization, particularly the construction of ad hoc
concepts that are assembled to meet local task demands. Our orga-
nization of factors mirrors the conceptualization model presented
in Section 3.2. Additionally, we discuss variance due to individual
cognitive effort and noisy communication channels.

A.1 Variability of Conceptual Inputs
A.1.1 Situational Variance. Certain aspects of the situation influ-
ence the likelihood of conceptual misalignment. The grain size of
a situation, which refers to its “spatial and temporal extent,” can
shape what collaborators consider relevant in a situation[146]. For
instance, situations with broader grain sizes increase uncertainty
about which elements or concepts should be activated; refining
a single office poster for an internal event differs markedly from
designing a marketing campaign poster used for months across
contexts. Additionally, the tangibility, which refers to whether the
situation is real or imagined, can cause misalignment [146]. Real-
life situations provide perceptual grounding and shared reference
points, offering a basis for understanding and interpretation. In
contrast, hypothetical or counterfactual scenarios lack these an-
chors, forcing participants to rely more heavily on inference and
increasing variability in their conceptual frameworks.

Furthermore, a situation’s familiarity and an individual’s per-
ceived psychological distance modulate conceptualization. Familiar
situations activate established knowledge and scripts [15, 116], re-
ducing cognitive effort but risking rigidity through retrieval-based
processing and functional fixedness [38, 77]. According to construal
level theory [135], greater temporal, spatial, social, or hypothetical
distance induces higher-level, more abstract construals, while prox-
imity encourages concrete reasoning. Collaborators who differ in
familiarity or psychological distance therefore approach the same
task with distinct abstractions, goals, or salient features, making
situational variance a source of misalignment.

A.1.2 Internal Task Context Variance. A person’s internal task con-
text, such as goals, motivation, and affective state (i.e., their “internal
situational elements [20]”), shapes conceptual understanding. For
instance, goals regulate perception and conceptual activation, as
Hommel et al. note, goal-directed action requires “the perceptual
selection of certain aspects of environmental information, while
other aspects are ignored or rejected [55]”. Barsalou’s work on
goal-derived categories shows that the ideality of a concept, i.e.,
how closely its aspects relate to goal achievement, determines their
accessibility [10], and goal-relevant attributes are more readily re-
trieved [52]. Consequently, differing or underspecified goals easily
yield conceptual misalignment. The structure of goals also shapes
construal, where people pursuing long-term superordinate goals
(the “why”) form more abstract representations [134, 138], while
those focused on immediate, subordinate goals (the “how”) operate
more concretely. When collaborators differ in goal abstraction, their

frame diverges. Finally, affective states modulate conceptualization,
where positive moods broaden category inclusion and promote
global processing [43, 50, 59], whereas negative moods heighten
focus on local, detailed features.

A.1.3 Prior Knowledge. Prior knowledge and experience funda-
mentally shape how people construct, interpret, and communicate
concepts. Through concept induction, individuals generalize from
previous encounters to construct conceptual structures that guide
understanding and action [129]. Depending on the learning mech-
anism — prototype similarity [105, 113], exemplar similarity [87],
or causal theory-building [45, 92] — different aspects of experience
determine which features are encoded, how they are related, and
which values are typical.

Differences in Concept Induction and Expertise: The distribution
and diversity of experienced examples influence the internal struc-
ture of concepts, i.e., the attributes associated with them, their
organization, and the typical values. While feature frequency mat-
ters, the central tendency of features and their diagnosticity for
achieving conceptual goals are often more important [11]. From a
theory-theory perspective, concept learning involves inferring the
causal relations that make attributes cohere [46, 47, 92]. Different
histories of experience, evidence, or interventions thus yield differ-
ent conceptual representations. Social learning and enculturated
instruction also shape induction. For instance, teachers and peers
emphasize contrastive or high-diagnostic features that direct learn-
ers’ attention [88, 118, 142]. Ideals function as attractors defining
the “best” instance of a concept [11], but these ideals vary with
culture and context [94]. For instance, Naous et al. demonstrate
how cultural norms determine which values are even conceivable —
e.g., interpreting “drink” as non-alcoholic after Maghrib prayer [93].
Expertise further refines conceptual structure — taxonomists, land-
scapers, and park professionals categorize trees differently due to
distinct goals and representations [86]. Yet deep expertise can also
produce cognitive entrenchment, reducing flexibility in conceptual
reappraisal [38].

Differences in Acquisition, Culture, and Memory: The way con-
cepts are acquired affects their representational richness and ac-
cessibility. Concepts learned through perceptual experience evoke
richer, action-oriented simulations than those learned linguistically
[14, 140]. Abstract concepts, by contrast, rely more heavily on lin-
guistic acquisition [139], which makes them less tightly tied to
specific experiences. Age of acquisition also matters: early-learned
concepts are retrieved more quickly and tend to be more stable,
whereas later-acquired concepts remain more flexible [38, 63]. So-
cially mediated and enculturated learning produces narrower, more
aligned conceptual categories, as seen when taxonomists share
highly structured conceptual representations compared to park pro-
fessionals’ more pragmatic ones [86]. TheWords as Tools hypothesis
suggests that socially transmitted concepts rely on linguistic scaf-
folding and shared norms, increasing coherence within but not
across communities [26]. Cultural variation further amplifies these
effects, producing systematic differences in conceptual systems,
category coherence, and ideals across groups [5, 19, 70, 82, 95, 141].

Differences in Prior Knowledge structures and Memory: Beyond
structured conceptual representations, individuals differ in the
episodic and sensory experiences that feed conceptual activation.
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Barsalou describes these as “populations of situated conceptualiza-
tions” unique to each person, making large individual differences in
grounded cognition “the rule, not the exception [18]”. The organi-
zation of semantic networks also varies: people with more flexible
or creative reasoning often exhibit looser, more associative concep-
tual structures, supporting divergent thought and reinterpretation
[67]. Such variation in the content, acquisition, and organization of
prior knowledge profoundly shapes how collaborators represent
and align concepts, making prior knowledge a deep and persistent
source of misalignment.

A.2 Conceptual Sources of Variance
A.2.1 Frame/Concept Variance. Concepts, both long-acquired and
ad hoc, exhibit wide variability in structure and use. This variabil-
ity shapes how collaborators interpret and apply the same terms,
making concept-level variance a key driver of misalignment. A clas-
sical dimension is the continuum from concrete to abstract con-
cepts. Concrete concepts (e.g., “door,” “chart”) refer to percepti-
ble, spatially bounded entities, while abstract concepts (e.g., “love,”
“beauty”) often refer to internal, relational, or temporally extended
phenomena [20]. Concrete concepts tend to elicit stronger per-
ceptual grounding and less variance in associated attributes [24],
whereas abstract concepts rely more on social and introspective
contexts and exhibit broader variability [20, 25]. Dual Coding The-
ory [98] and related accounts of perceptual strength suggest that
concrete concepts are more imageable and tied to sensory experi-
ence, supporting richer perceptual simulation.

A concept’s level of abstraction can also shift dynamically de-
pending on how it is construed. Construal Level Theory captures
this flexibility: representing a “cellular phone” as “a communication
device” omits detail while increasing generality [135]. Other frame-
works describe related dimensions, such as context availability —
how easily a concept evokes a situation [117] — and situational sys-
tematicity, the degree to which a concept is consistently embedded
in similar contexts [39]. Concepts with low situational systematic-
ity (e.g., “love”) activate diffuse or variable contexts, whereas those
with high systematicity (e.g., “spinach”) activate narrow, stable ones.
Even abstract concepts, however, often recruit situated imagery,
typically social or introspective in nature [21]. The related notion
of semantic diversity captures the breadth of contexts in which a
concept participates [54], with highly diverse concepts supporting
flexible but potentially ambiguous use.

Beyond contextual flexibility, concepts also differ in their po-
sitioning within larger semantic networks. Concepts with many
associative connections (i.e., high degree) are retrieved more easily
and can facilitate lexical decisions [31, 102], yet dense connectivity
can also diffuse activation, producing interference – the fan effect
[3]. These network structures differ for concrete and abstract con-
cepts: concrete concepts cluster within dense local subnetworks
that connect strongly to a few contexts, while abstract concepts
form sparser links across many contexts [72, 99]. Moreover, as-
sociative links in semantic memory are directionally asymmetric,
affecting activation flow between concepts [104].

Finally, concepts vary in semantic richness — the number and
diversity of attributes they encode [109]. Rich concepts support
flexible and metaphorical use across domains. They also differ in

their hierarchical position, abstract concepts typically occupy higher
levels in conceptual hierarchies and encompass broader general-
izations [21]. Expertise modifies this structure, i.e., experts access
subordinate distinctions as readily as novices access basic-level
categories [128] and organize knowledge by underlying principles
rather than surface features [34]. Thus, variability in abstraction,
contextual embedding, associative structure, and semantic richness
together determine the interpretive latitude of a concept, making
concept-level variance a persistent source of conceptual misalign-
ment in collaboration.

A.2.2 Attribute Variance. There is substantial variability in the at-
tributes people associate with a concept. Even for concrete concepts,
Barsalou found only moderate agreement across individuals (corre-
lations of 0.3 – 0.6) on which attributes were relevant [8], noting
that this sample was unusually homogeneous. Within individuals,
attribute retrieval is also unstable — showing only 0.80 test–retest
reliability over two weeks, meaning roughly 40% non-overlap [13].
These findings suggest that a concept’s attribute structure is not
fixed but fluid, varying both across and within people over time.
A key determinant of attribute inclusion is central tendency, i.e.,
how closely an attribute aligns with a concept’s prototypical rep-
resentation [113]. For natural categories, people rely on statistical
regularities, yet this alone cannot account for conceptual variance.
Theories about how features cohere play a complementary role: as
Murphy notes, “similarity may be a by-product of conceptual coher-
ence rather than its determinant [92]”. Attributes are thus selected
not just because they are frequent but because they make sense
within a conceptual or causal framework.

For goal-derived categories, ideals rather than averages deter-
mine which attributes matter [11]. An “ideal lunch,” for example,
might emphasize speed or calorie content depending on one’s goals,
shaping which attributes are foregrounded. Likewise, causal and
constraint relations between attributes influence how people struc-
ture a concept: “the premises are often phrased as conditional rela-
tionships,” reflecting people’s implicit understanding of why prop-
erties cohere as they do [61]. Such causal and normative differences
yield divergent attribute sets even when collaborators appear to be
referring to the same concept.

A.2.3 Value Variance. People often instantiate values for shared
attributes in quite different ways. These differences arise from de-
fault expectations, contextual reasoning about ideals or constraints,
and divergent optimization priorities. A common source of value
variance comes from default or typical values. In prototype theory,
concepts are organized around central tendencies, i.e., based on
the average or most frequent value across exemplars [113]. For ex-
ample, the attribute “height” for the concept “chair” might default
to approximately 18 inches. Such defaults reflect statistical learn-
ing from prior experience but vary across communities depending
on the distributions of examples people encounter. Misalignment
occurs when collaborators assume that their defaults are shared
when, in fact, they are not [8]. Variance also appears in the breadth
of acceptable ranges. One person may treat “a reasonable lunch
price” as between $8 and $12, while another considers anything
from $5 to $30 acceptable. These differences often reflect prior ex-
posure, socioeconomic context, or cultural norms [84, 85]. Broader
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ranges promote flexibility and inclusivity but can increase the risk
of misalignment when precision is required.

A further source of divergence lies in optimization trade-offs.
When multiple attributes compete, people vary in which compro-
mises they are willing to make [66, 100]. In design, for instance,
one collaborator may prioritize speed of production, while another
emphasizes durability, resulting in different judgments of what con-
stitutes “good enough.” Ultimately, values are embedded in broader,
normative, and constraint-based systems. For some, acceptable val-
ues are bounded by functional or physical constraints; for others,
they are shaped by ethical or cultural commitments such as sus-
tainability, fairness, or equity. These normative orientations often
remain implicit, making them especially prone to breakdowns in
conceptual alignment.

A.3 Process Variance
A.3.1 Perceptual and Attentional Variance. Collaborators differ in
their perceptual abilities and attentional focus, leading them to
extract different information from the same environment. From a
signal detection perspective, some individuals are more sensitive to
particular features, affecting which aspects of a situation become
available for conceptual activation. These perceptual asymmetries
shape what information is encoded and, consequently, which con-
cepts or frames are likely to be invoked. From a top-down perspec-
tive, perception is strongly guided by prior knowledge, experience,
and task goals. Expert chess players, for instance, can perceptually
“chunk” the board into meaningful configurations, allowing them
to recognize strategic patterns more efficiently [33].

Similarly, differences in prior expertise or goals shape which
features of a situation appear salient, influencing how collaborators
construe the same environment. Attention further amplifies these
perceptual differences. Individuals may focus on distinct aspects
of a shared task, leading to divergent situational framings. Joint
attention — the ability to coordinate focus on a shared referent
— is crucial for successful collaboration [29] and learning [132].
However, maintaining joint attention can be disrupted under high
attentional load [127]. Visual cues such as gaze can help mitigate
these breakdowns by signaling focus and relevance even under
demanding perceptual conditions [144].

A.3.2 Retrieval variance. Retrieval variance is closely related to
the aspects previously discussed in prior knowledge. However, key
differences include frequency and recency of concept use [91], the
contextual/situational relevance of those concepts, the strength of
initial encoding, and the degree of interference from competing
information [3].

A.3.3 Reasoning Variance. Differences in reasoning strategies for
frame induction and value setting can lead collaborators to con-
struct markedly different conceptual understandings. In analogical
reasoning, for example, Hummel and Holyoak show that “people
will produce different, internally consistent mappings for the same
analogy,” and that such mappings are sensitive to the order in which
information is processed [57]. Similarly, Thibodeau and Boroditsky
demonstrate that the timing of a metaphor or analogy influences
how people reason metaphorically [131]. Expertise also shapes ana-
logical reasoning. Experts tend to prefer medium-range analogies

over near or far ones in design contexts [65] and are more adept at
identifying deep structural relations rather than surface similari-
ties [34, 97]. Other forms of conceptual reasoning, such as blending
and conceptual combination, are likewise influenced by both con-
ceptual structure and reasoning process. For instance, conceptual
combination relies less on superficial feature matching and more
on causal relations among features [61]. Thus, differences in causal
understanding can interact with reasoning strategies, producing
distinct conceptual outcomes.

Reasoning also varies across individuals in cognitive architec-
ture and representational structure. Variability in the topology of
semantic networks affects conceptual flexibility and reasoning ca-
pacity [67]. Individual differences in conceptual reasoning ability
have been empirically documented [49], and reasoning performance
depends on working-memory capacity, attention control, and sec-
ondary memory [137]. Expertise further enhances the ability to
form and manipulate abstract representations and to organize prob-
lems around deep structural principles [34]. Finally, meta-reasoning
— the monitoring and regulation of one’s own reasoning processes
— introduces additional variance. Differences in metacognitive con-
trol and confidence calibration [2, 32] can influence how people
interpret analogies or evaluate their own understanding. Perceived
fluency, for instance, can increase subjective certainty even when
actual comprehension is limited [133]. Together, these forms of rea-
soning vary strategically, structurally, and metacognitively, high-
lighting how collaborators may pursue different inferential paths
toward what appear to be shared concepts, leading to subtle but
consequential misalignments.

A.4 Asymmetry of thinking between agents
Even when collaborators share the same information, they may
differ in the depth and extent of reasoning devoted to a concept or
situation. At any given point in a collaboration, one person may
have engaged in more sustained, goal-directed reasoning, while
another relies on shallower ormore heuristic processing. Such asym-
metries affect problem solving and coordination: greater deliberate
reasoning generally improves performance on complex problems
[71], whereas under time pressure or limited expertise, people often
operate with cognitively underspecified models — partial, heuris-
tic representations that substitute for full mental models [108].
These dynamics parallel Kahneman’s distinction between System
1 and System 2 thinking [64]. When one collaborator is reasoning
analytically while another depends on fast, intuitive judgments,
misalignments can emerge not from differing beliefs but from dif-
ferences in how much or how deeply each has reasoned about the
problem.

A.5 Communication: Compression, Specificity,
and Noise

When collaborators communicate, they must express rich concep-
tual representations through limited linguistic channels. Language
serves as a form of compression, i.e., we cannot externalize the full
content of our internal frames, so we use words and other symbols
as pointers to shared concepts. This compression is necessarily
lossy in which meanings are approximated, not fully transmitted.
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Following Grice’s maxim of quantity [48], speakers aim to be in-
formative without being redundant, striking a balance between
communicative efficiency and clarity. However, this economy of
expression often leads to underspecification and ambiguity, requir-
ing interlocutors to infer the intended meaning. Ambiguity arises
when utterances admit multiple interpretations.

Polysemy, where a word has several distinct senses, is a signif-
icant source of such uncertainty [69]. An example of this is the
widely shared AI error of it describing the difference between sauce
and dressing: “The main difference between a sauce and a dress-
ing is their purpose: sauces add flavor and texture to dishes, while
dressings are used to protect wounds” [1]. Here, the AI system
encounters a polysemous word, “dressing", and activates the wrong
concept; it chooses wound dressings as opposed to dressings in the
context of food (dressing as a condiment ). Humans face similar
challenges when contextual cues are insufficient to disambiguate
meaning. Concrete terms can often be grounded in shared per-
ceptual referents, but abstract words — those referring to internal

states, relationships, or temporally extended phenomena — lack
direct anchors and therefore exhibit higher interpretive variability.

Underspecification further compounds misalignment. As Clark
notes, speakers routinely omit detail, trusting that listeners will fill
in gaps using shared common ground [35]. This pragmatic econ-
omy assumes overlap in prior knowledge and situational awareness;
when that overlap is weak, listeners’ inferences diverge, producing
conceptual drift. Finally, vagueness which refers to a deliberate lack
of precision, also shapes alignment. Austin observed that “‘Vague’ is
itself vague” [6], yet vague language serves several communicative
functions: it can reflect genuine uncertainty, reduce cognitive effort,
or signal the relative unimportance of a detail [62]. Vagueness can
also be strategic in directing attention toward salient features or
conveying meta-information such as confidence or relevance. How-
ever, when speakers and listeners interpret vagueness differently,
it introduces noise into the alignment process, obscuring which
conceptual elements are meant to be shared.
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