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ABSTRACT 

Robots are entering hospitals, airports, classrooms and homes, 

yet a persistent barrier to effective human–robot interaction is 

often not capability itself, but whether people can make sense 

of robot behaviour quickly enough to coordinate with it. 

Prevailing work in HRI and explainable AI has largely treated 

this as an information-disclosure problem: the assumption is 

that revealing more of a system’s internal reasoning will 

improve understanding. We argue that this framing overlooks 

how people interpret behaviour under real-time constraints. 

Drawing on cognitive schema theory, we define robot 

understandability as the user’s ability to form a timely, 

workable interpretation of what the robot is doing, sufficient to 

anticipate what it will do next and respond appropriately, 

without access to its internal decision process. We propose a 

schema-alignment framework organised around four 

interdependent schemas that structure social sensemaking: 

context, role, procedure and strategy. Across case studies in 

embodied social robotics and large language model (LLM) 

interaction, we show that coordination breakdowns - pauses, 

errors, and interactional repairs - arise when system cues fail 

to support the schemas users rely on. We use LLM interaction 

as a useful comparison because it removes the demands of 

embodiment and helps isolate breakdowns that may reflect 

more general processes of sensemaking. At the same time, the 

comparison has clear limits: embodied robots introduce 

additional demands, including coordination in shared physical 

space and the interpretation of nonverbal cues, such as gaze 

and gesture. Together, these arguments reframe 

understandability as a problem of interactional cueing rather 

than information access,  and provide a psychologically 

grounded basis for robot design. 
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1  Introduction 

As robots move from controlled laboratories into shared 

human environments - triaging patients in emergency 

departments, guiding travellers through airport terminals, and 

supporting rehabilitation in clinics - their success increasingly 

depends not only on what they can do, but on whether the 

people around them can make sense of what they are doing [1, 

2]. We refer to this capacity as “understandability”: the user’s 

ability to form a timely, workable interpretation of the robot’s 

current behaviour and to predict what it will do next. At its 

core, this is a psychological requirement. Interaction with any 

autonomous agent demands ongoing perception, inference and 

prediction under conditions of divided attention and time 

pressure [3]. When a robot’s behaviour does not support a clear 

interpretation, users hesitate and become uncertain about 

when to intervene. Across repeated encounters, these small  

judgements - when to rely on the robot and when to step in - 

shape trust over time. Trust, in this sense, reflects a willingness 

to rely on the robot, and that willingness is continually updated 

as users encounter uncertainty and learn from the robot’s 

behaviour [4, 5]. 

Evidence from motion-legibility research and studies of 

“automation surprises” points to the same conclusion: 

successful coordination - that is, choosing the right action at the 

right time in response to the robot, whether to wait, move 

around it, follow it, assist it, or intervene - depends on how 

readily people can interpret behaviour in the moment. 

Research on “motion legibility” shows that when a robot’s 

movements make its goal easier to infer, observers predict its 

next action more quickly and with greater confidence [6]. By 

contrast, in complex automated systems, behaviour that 

violates expectations (“automation surprises”) diverts 

attention away from the primary task towards figuring out 

what the system is doing and why, resulting in increased 

cognitive load and degraded performance [7]. 

In HRI and explainable AI, understandability has largely been 

framed as an information problem: if users are given the right 

information about the system, understanding should follow. 

The Situation Awareness-based Agent Transparency (SAT) 



model [8, 9] reflects this view by organising transparency into 

three levels: (1) what the system is currently doing, (2) the 

reasoning behind its actions, and (3) projected future 

outcomes. Inspired by Endsley’s model of situation awareness 

[10], and applied across military, automotive and healthcare 

settings, SAT has become one of the most influential 

frameworks in transparency research, shaping nearly half the 

experimental studies reviewed in the HRI transparency 

literature [11]. 

Many explainable HRI approaches take the same basic 

approach: they translate the robot’s decision-making into cues 

that are legible to users - through visualisations, verbal 

justifications, confidence indicators or expressive behaviours - 

and assume that understanding will follow [12]. Yet, in practice, 

more transparency does not reliably produce better 

understanding, and can sometimes make matters worse. A 

systematic review of controlled experiments across military, 

automotive, aviation and nuclear domains found that although 

transparency often helped, its effects were highly context-

dependent: outcomes varied by task and agent characteristics, 

several studies reported no improvement in situation 

awareness, and some reported increased workload [11]. An 

earlier review similarly concluded that validation of dominant 

transparency models remained “largely incomplete” or 

inconclusive [13]. More recently, a meta-analysis in medical 

and service robotics found that excessive disclosure can reduce 

trust and increase cognitive load [14]. Together, these findings 

point to a limitation of the disclosure paradigm: it treats 

understanding as a problem of information access, even though 

users construct understanding through real-time sensemaking 

- using cues to update expectations about the situation and 

what the robot will do next.  

Cognitive psychology helps explain this mismatch. In real-

world settings, attention is distributed across competing 

demands and working memory is constrained, especially when 

information must be actively maintained and updated while 

action is ongoing [15, 16, 17, 18]. Under such conditions, people 

rarely infer an agent’s internal decision-making processes in 

any explicit or sustained way. Instead, they rely on “schemas”: 

learned, culturally embedded knowledge structures that help 

people notice what matters, make sense of unclear or missing 

information, and predict what will happen next [19, 20, 21, 22]. 

Bartlett’s classic experiments showed that when people retell 

unfamiliar stories, they do not reproduce them verbatim; they 

reshape them to fit familiar cultural expectations [19]. 

Understanding and remembering are therefore active, schema-

guided processes. Bransford and Johnson [23] showed that 

contextual framing provided before information dramatically 

improved comprehension, whereas identical context provided 

afterwards had little effect - direct evidence that schemas 

function as cognitive prerequisites for understanding [23]. In 

social interaction, schemas allow people to infer rapidly: what 

kind of situation is this, who are the actors to one another, and 

what normally happens next? When schemas are stable, 

interaction is smooth and cognitively undemanding. When they 

fail - because competing schemas are activated or none is 

adequately established - people experience what Goffman 

described as “frame breaks”: moments in which expectations 

no longer support prediction, making users stop, reassess the 

sisutation and work out how to respond [24, 25]. 

From this perspective, robot understandability is better 

described as a “schema-alignment problem” than an 

“information-disclosure problem”. A robot is experienced as 

understandable when its observable cues - movement, timing 

and communication - make it easy for users to interpret what it 

is doing and anticipate what it will do next. We organise this 

framework around four interdependent schemas, drawn from 

Nishida’s Cultural Schema Theory [26, 27]: context (what 

situation is this?), role (what kind of agent is this?), procedure 

(what happens next?), and strategy (how should deviations be 

interpreted?). 

From this perspective, understandability improves when 

robots communicate in ways that (a) stabilise these four 

schemas early in the interaction, (b) maintain them through 

consistent behavioural cues as the interaction unfolds, and (c) 

explicitly repair them when breakdowns occur. In the sections 

that follow, we elaborate on the theoretical foundations of this 

framework, ground it in case studies from large language 

model (LLM) interaction and embodied social robotics, and 

discuss how it can guide robot design. We draw on LLM 

interaction as a comparative case because, even in the absence 

of embodiment, users must still work out what kind of 

exchange this is, what the system is to them, what should 

happen next, and what an unexpected response means. LLMs 

therefore provide a text-only testbed for the same schema-

alignment problem. At the same time, the comparison has clear 

limits. Embodied robots share physical space with users, 

bringing demands that text-based systems do not: navigating 

around people, ensuring physical safety, and communicating 

through gaze, gesture and body positioning. We return to these 

embodiment-specific issues when we discuss the design 

implications in Section 4. 

2 Theoretical Background 

Which schemas matter most for understanding a robot? 

Nishida [26] distinguishes eight “Primary Social Interaction” 

(PSI) schema types - fact-and-concept, person, self, role, 

context, procedure, strategy and emotion - learned through 

repeated cultural experience and organised as an 

interdependent network, such that activation of one schema 

reshapes expectations across the others. When people lack the 

relevant schemas, as in an unfamiliar cultural setting, they 

often experience uncertainty and social anxiety because they 

cannot easily interpret what is happening or anticipate what 

should happen next [26]. A similar problem arises when a 

robot’s behaviour does not fit any familiar interaction script: 

users lose their footing and cannot readily infer what the robot 

is doing. In real time, there is little opportunity to reason 



through mechanisms. What users need instead is a quick, 

usable model that supports prediction and action. We therefore 

focus on four schemas - context, role, procedure and strategy - 

because they correspond to the minimal questions users must 

answer in order to coordinate with a robot: What kind of 

situation is this? What is this agent to me? What happens next? 

Why is it doing that? 

2.1  Context Schema 

Sensemaking begins with context: a working sense of what kind 

of situation this is, which goals are relevant, what behaviour is 

appropriate, and what others are likely to do [19, 20, 23]. 

People do not usually start with this frame already in place. 

Rather, they derive it from environmental cues and unfolding 

interaction [28, 29, 30]. In Turner’s [31] computational model, 

the context schema is activated early and recruits compatible 

strategies and procedures, thereby narrowing the range of 

plausible interpretations and supporting rapid prediction. The 

more specific the context, the more precise the expectations it 

generates [20, 21]. 

This has direct implications for HRI. Thompson et al. [32] argue 

that “social context” is often underspecified in robot 

interaction, even though environmental cues - location, layout, 

objects and constraints - strongly shape what users expect and 

how they interpret a robot’s behaviour. When such cues are 

weak or ambiguous, a stable context schema may fail to form, 

leaving users to interpret behaviour action by action. 

Establishing context early - through the physical setting, task 

framing or the robot’s opening cues - is therefore central to 

understandability [10, 33, 34]. 

2.2 Role Schema 

Once the situation is recognised, the next question concerns the 

social position of the other agent. Role schemas encode 

expectations associated with particular social positions - what 

a teacher, nurse or waiter does [26, 35, 36]. They are among the 

most powerful determinants of social expectation, shaping not 

only what people anticipate from others, but also what they 

expect of themselves within the interaction. 

Role assignment occurs rapidly, and its effects are far-reaching. 

The same principle applies to robots. Thompson et al. [32] note 

that whether a person is a resident, staff member or visitor in a 

care facility shapes how the robot should interact with them, 

while the robot’s own designated role - whether active 

collaborator or passive tool - shapes human behaviour in 

return. Huang and Mutlu [37] similarly identify participant 

roles and relative status as foundational components of social 

context. In the present framework, the role schema determines 

what the robot is to the user - assistant, authority, companion 

or instrument - and with that come expectations about 

competence, initiative, deference and the boundaries of 

appropriate action. When role assignment is ambiguous, users 

cannot readily predict what the robot will do or what they 

themselves ought to do, and the interaction loses coherence. 

2.3  Procedure Schema 

A procedure schema captures the expected sequence of an 

interaction: what normally happens next, who takes which 

turn, and at what pace. It answers perhaps the most immediate 

predictive question in social exchange: What is the next step, 

and what should I do now? In cognitive terms, procedure 

schemas align with Schank and Abelson’s [21] notion of scripts, 

as well as with the broader distinction between procedural 

knowledge (knowing how) and declarative knowledge 

(knowing that) [38, 39]. They are acquired through repeated 

experience, as successful action sequences become internalised 

and social or institutional conventions stabilise what “the right 

next step” looks like in a given setting [26, 31]. 

When a procedure schema is in place, interaction feels 

effortless because each participant can prepare their next move 

in advance - pulling out a boarding pass while approaching a 

gate agent, for example. When that schema is violated - because 

a robot skips a step, acts out of sequence or shifts tempo 

unexpectedly - users can no longer rely on automatic, script-

based processing. Instead, they must switch to more effortful, 

case-by-case interpretation, evaluating each new action on its 

own terms [40]. The result is not merely momentary confusion; 

it increases cognitive effort at precisely the point where timely 

turn-taking and action sequencing matter most. 

2.4 Strategy Schema 

Context, role and procedure schemas support prediction when 

interaction unfolds as expected. Strategy schemas become 

especially important when it does not. They help users 

interpret deviations by connecting an unexpected action to a 

goal and a constraint - what the robot is trying to achieve, what 

has changed in the situation, and why an alternative route or 

response now makes sense. In this way, strategy schemas let 

users see a departure from the expected script as the robot 

adapting its plan to the circumstances, rather than a robot 

making an error [26, 41]. 

2.5 The Schema Network  

Nishida’s [26] central claim is that PSI schemas form an 

interdependent network: when one schema shifts, the others 

recalibrate, altering how behaviour is perceived, predicted and 

evaluated [26, 42]. Turner’s [31] computational account makes 

this dependency even clearer. Interaction typically begins with 

context, which frames the situation and narrows the range of 

plausible goals [20, 23]. That frame recruits a strategy - an 

interpretive stance for pursuing the goal under current 

constraints - which in turn organises a procedure by specifying 

the expected sequence of actions [21, 31]. Role shapes the 

process throughout by defining what each participant can and 

should do, and by influencing how deviations are interpreted 

[26, 35]. 

For design purposes, the implication is not that robots must 

reveal their internal decision processes, but that they must 



provide cues that keep this schema network stable for the user. 

When users can quickly establish what kind of interaction this 

is (context), what the robot is to them (role), what happens 

next (procedure), and what a deviation means (strategy), 

coordination remains coherent - even when the robot behaves 

unexpectedly [26, 28]. When any one of these schemas is weak, 

ambiguous or undermined by the robot’s cues, understanding 

becomes unstable: users can no longer reliably interpret what 

the robot is doing, predict what it will do next, or decide how to 

respond. In Goffman’s terms, the frame “breaks”: the 

interaction ceases to feel like a coherent episode, users shift 

into effortful repair, and disengagement becomes more likely 

[24, 33]. 

3 Case Studies  

In the previous section, we introduced four schemas - context, 

role, procedure and strategy - and showed how they support 

real-time interpretation of an agent’s behaviour. Here, we use 

this framework as an analytical tool for diagnosing 

“coordination breakdowns”: moments when user and system 

actions no longer align, such that users can no longer reliably 

anticipate what the system will do next or time their own 

responses appropriately, resulting in mistrust or 

disengagement. We examine breakdowns in two kinds of 

systems - LLMs and embodied social robots - and show that, in 

each case, the failure can be traced to a misalignment between 

the schemas users rely on to interpret the interaction and the 

cues the system provides. 

The two systems differ in modality, but the comparison serves 

a specific purpose. It allows us to ask whether coordination 

breakdowns can be explained by the same underlying 

mechanism across interaction types. When the same schema–

cue mismatch appears in both language-based and embodied 

systems, this suggests that the problem is not solely modality-

specific, but reflects a more general issue of schema alignment 

- how users form and maintain expectations during interaction. 

At the same time, embodied robots impose coordination 

demands that LLMs do not: users must position themselves in 

space, interpret bodily movement, and read nonverbal signals, 

such as gaze and gesture in real time. The schema-alignment 

mechanism may therefore be shared across these interaction 

contexts, even though design solutions for embodied robots 

must additionally account for the practical demands of sharing 

space and coordinating movement in real time. 

3.1 Context Schema Misalignment  

When context is unclear, users cannot reliably activate a 

context schema - the learned “what situation am I in?” frame 

that tells them what this encounter is, what role the system is 

playing, and which norms apply (e.g., do I queue, approach, 

speak, avoid, or ignore?). In public spaces, people rapidly 

classify entities using environmental cues like placement, 

signage, orientation, and approach behaviour. Field studies of 

public robot deployments show how fragile this is. Tonkin et al. 

[43] placed a Pepper robot in an airport to provide travel 

information. Although the system was functionally capable, 

many passers-by hesitated or disengaged because the scene did 

not clearly support any single context schema: was this an 

information kiosk to walk up to, an obstacle to navigate around, 

or a social agent inviting interaction? When multiple frames 

compete, users default to caution - stalling, avoiding, or 

disengaging - because they cannot tell what “the right next 

move” is in that context. 

LLM interfaces reveal a similar context-schema problem. Most 

chat systems use a single input field for activities as different as 

search, tutoring, brainstorming, and editing, without reliably 

signalling which interactional frame is currently in play. 

Zamfirescu-Pereira et al. [44] found that non-expert users did 

not primarily struggle with prompt wording; they struggled 

with a more basic question: what kind of conversation is this? 

Many approached the system with an instruction-following 

(Q&A) context schema - ask a question, get an answer - yet the 

model could shift, without warning, into coaching, planning, or 

drafting. Kim et al. [45] similarly show that mismatched 

expectations about what the system is doing and how to use it 

can drive user dissatisfaction and erode trust. The issue is 

therefore not only response quality, but the absence of stable 

framing cues that would let users evaluate whether a response 

is appropriate to the situation. Context schemas set the 

interpretive terms for everything that follows; when the 

interaction type remains ambiguous, users cannot anticipate 

what should happen next or judge outputs against a clear set of 

norms. 

3.2 Role Schema Misalignment  

People judge how much to trust a system by reading its cues - 

what it looks like, how it communicates and how it behaves. 

These cues lead users to place the system into a role, such as 

expert adviser, helpful assistant or social companion. Role 

schema misalignment arises when the system signals a role 

that carries strong expectations, but cannot reliably meet them. 

For LLMs, the strongest role cue is often how the robot sounds. 

Fluent, confident answers readily invite an interpretation of the 

model as an expert authority, even when its underlying 

knowledge is uncertain. When the model then produces an 

obvious failure, such as a hallucinated fact or fabricated 

citation, users often recalibrate their trust rapidly, rely on it 

less, and withdraw from the interaction [45, 46]. 

For embodied robots, role expectations are strongly shaped by 

anthropomorphic design. Even minimal social cues – a head 

that turns to “look” at people, or human-proportional body 

features - can lead users to expect social understanding and 

responsive interaction [47]. When a highly human-like robot 

then fails to understand the user, behaves inappropriately, or 

cannot repair a breakdown, it is typically judged more harshly 

than a less human-like robot [48]. This difference matters for 

schema alignment. In LLMs, role expectations are constructed 

largely from language during the interaction; in embodied 



robots, they are set immediately by physical design and 

presence, before any dialogue begins. As a result, role 

calibration in embodied settings happens earlier and carries 

higher stakes for how breakdowns are interpreted. 

3.3 Procedure Schema Misalignment  

Smooth coordination, i.e., keeping the interaction moving 

without awkward pauses, interruptions, or breakdowns, 

depends on a procedure schema: a shared script for how the 

interaction works - how to begin, how turns are taken, what 

input is expected and what signals that the exchange is 

complete. In everyday encounters with robots, people often are 

not sure how the interaction is supposed to work, where to 

stand, when to speak, and whether the robot is waiting for them 

to do something [49]. In museum deployments, for example, 

visitors interrupt, speak over the robot, or walk away when the 

system fails to it obvious whose turn it is and what should 

happen next [50]. In contrast, The SPENCER airport guide robot 

provides a useful counterexample. Coordination improved 

when SPENCER provided clear procedural cues - explicit 

“follow me” prompts, a steady and predictable walking pace, 

and signalling early when it was about to speak or change 

activity - because these cues allowed users to recognise a 

familiar “leader–follower” routine [51]. The robot’s underlying 

capabilities did not fundamentally change; what changed was 

that users could anticipate the next step and align their own 

behaviour accordingly. 

LLMs show the same problem in text-based form. Web search 

comes with a well-learned procedure - enter a query, scan 

results, choose a source, refine the query [52] - whereas chat 

prompting offers no equally shared script for what to do after 

an imperfect answer. When a response is partial or off-target, 

users must improvise: rephrase the question, add constraints, 

request a rewrite or restart entirely, often without clear 

feedback about which move is most likely to help. Studies of 

novice prompting describe the same trial-and-error cycle: 

users iterate repeatedly, investing more effort without reliably 

moving closer to a solution [44, 53]. The failure, then, is not 

primarily one of insufficient explanation. It is the absence of 

procedural guidance - cues that tell the user what the next step 

should be. 

3.4 Strategy Schema Misalignment  

Deviations are inevitable in real-world interaction. The 

difficulty arises when a system deviates without giving the user 

an interpretable reason. In such moments, users are not 

seeking a technical account of the system’s internals; they are 

trying to answer three practical questions: what changed, why 

did it change, and what should I do now? When the system does 

not provide cues that support those inferences, the deviation 

feels arbitrary, and the interaction becomes difficult to repair. 

In LLMs, this often appears as refusals or abrupt shifts in tone 

that users experience as inconsistent. Recent work on refusal 

behaviour and “over-refusal” shows that LLMs can be highly 

sensitive to framing, and can refuse in ways that are difficult to 

predict from the user’s perspective - especially when the 

system does not make it clear whether the issue is a safety-

related policy constraint, missing information or a capability 

limit [54, 55, 56]. When users cannot tell which of these cases 

they are facing, they cannot choose an effective recovery 

strategy - for example, adding context, reframing the request or 

ceasing to rely on the system - and reliance declines [46]. 

Embodied robots show the same coordination problem when 

they pause, reroute or refuse a request without indicating why 

the change occurred or what the user should do next. Recent 

HRI work on repair and trust recovery suggests that 

explanations are most useful when they are next-step oriented: 

they connect the robot’s change in behaviour to an intelligible 

goal and constraint, and indicate what will happen next or what 

the user should do in response [57, 58, 59]. 

4. Design Implications  

Transparency in HRI and explainable AI is often framed as an 

information-disclosure problem: if users can see more of the 

system’s reasoning, coordination should improve [60, 61, 62]. 

The breakdowns discussed in Section 3 point to a different 

problem. In each case, the failure was one of interpretation: 

users could not sustain a stable understanding of what kind of 

encounter this was, what role the system occupied, what would 

happen next, or how to interpret deviations. The issue was not 

simply that information had been “withheld”, but that the 

system’s cues did not support the rapid sensemaking required 

in real-time interaction [33, 63]. 

This view is consistent with cognitive and social psychology. 

Under time pressure, people do not typically infer hidden 

mechanisms; they rely on schemas - learned structures that 

guide attention, shape expectations, and support rapid 

prediction [17, 20, 64]. The design problem, therefore, is less 

about making computation legible than about stabilising the 

schemas that allow users to anticipate, evaluate and repair 

interaction as it unfolds [26]. On this basis, we propose five 

design principles. Each targets a schema implicated in the case 

studies and specifies the kinds of cues that help users predict 

what the system is doing and what will happen next. To make 

these links explicit, each principle identifies the schema it 

addresses and connects back to the relevant breakdowns in 

Section 3. 

 

Principle 1: Communicate context before content 

Target schema: context (“what kind of interaction is this?”) 

As Section 3.1 showed - a Pepper robot that passers-by could 

not readily identify as an information assistant, and LLM chat 

interfaces that silently shifted between interaction modes - 

understanding depends on a frame, and that frame must come 

first. Bransford and Johnson [23] showed that people 

understand and remember the same information very 

differently when a contextual cue is provided in advance; 

without it, material is harder to organise and interpret. 



Goffman [24] makes the parallel point for social encounters: 

people rely on “primary frameworks” to determine what kind 

of situation they are in before they can make sense of behaviour 

within it. Cognitive accounts help explain why this ordering 

matters. The brain uses top-down expectations to constrain 

interpretation early, shaping what people notice and how they 

assign meaning to incoming cues [65, 66]. If the interaction 

type is not established at the outset, users are forced to infer it 

from behaviour already underway - an effortful and error-

prone process in real time. 

Design implication: The system should establish context before 

asking anything of the user or providing detailed information. 

This can be done through a short, user-facing cue that names 

the interaction type, states the goal, and sets the immediate 

expectation for what happens next [21]. In public deployments, 

such early framing increases engagement because it gives 

people a clear category within which to act [43, 67]. For 

example: “I’m a wayfinding assistant - tell me your destination.” 

“I help with check-in - scan your boarding pass.” “I can triage 

questions - describe your issue in one sentence.” Crucially, 

context-setting does not require the user to speak first. 

Embodied robots can activate context schemas before any 

verbal exchange through physical placement (for example, 

beside an information desk), visible signage, screen-based 

labels, approach behaviours such as orienting towards an 

approaching person, or simple ambient signals such as a status 

light. This is especially important in public settings, where 

many users will not initiate contact unless they already 

understand what the robot is for [43]. 

 

Principle 2: Calibrate role expectations early 

Target schema: role (“what is this system to me?”) 

Section 3.2 showed that role misalignment plays out in much 

the same way in both systems: LLMs whose fluent language 

encourages expectations of expert-level accuracy, and 

embodied robots whose human-like appearance encourages 

expectations of social competence. In both cases, failure arises 

when the system cannot live up to the role its own cues have 

implied. Once context is established, users rapidly infer the 

system’s role - assistant, adviser, companion or tool - and that 

role inference shapes what they expect the system to do and 

how much they are willing to rely on it [68, 69]. Early cues 

shape how users interpret what happens next [70], even small 

mismatches between implied role and actual capability can 

destabilise trust. 

Design implication: At the outset, the system should 

communicate the capabilities and limitations most relevant to 

the current interaction. This gives users a basis for judging 

what to rely on the system for, and how to proceed when it 

cannot help. For example: “I can help you find your gate, but I 

cannot access bookings or rebook flights. For changes, please 

go to the service desk.” This supports calibrated reliance by 

setting an appropriate expectation from the start. A practical 

question follows: how much should the robot say about what it 

can and cannot do? Exhaustively listing capabilities is neither 

realistic nor desirable – the range of possible constraints is 

effectively open-ended, and experienced users may find 

lengthy disclosure unnecessary or irritating. Consistent with 

how schemas operate, the better approach is to be selective and 

adaptive. The robot should communicate the capabilities and 

limits most relevant to the immediate task and then reveal 

additional boundaries only when they become interactionally 

relevant. A hospital triage robot, for example, might begin with 

its core function (“I can help assess your symptoms”) and only 

surface a further limit when the user reaches it (“I’m not able 

to prescribe medication - I’ll put you in touch with a doctor”). 

In this sense, role calibration should be treated as an ongoing 

process rather than delivered once at the start, because user 

expectations are shaped and updated over the course of 

interaction. 

 

Principle 3: Make the procedural sequence explicit 

Target schema: procedure (“what happens next?”) 

Section 3.3 showed that when no shared script is available, 

users struggled to proceed: museum visitors interrupted the 

robot or walked away, and LLM users repeatedly revised 

prompts without knowing which repair strategy was most 

likely to work. Even when context and role are clear, 

interaction will still break down if the user cannot answer a 

simple question: what happens next? When the sequence is not 

made explicit, users must guess how to proceed - when to 

speak, what to provide, and whether they are making progress. 

This additional burden of “process management” competes 

with the task itself and increases cognitive load [71]. Procedure 

schemas, or scripts, reduce that burden by supplying a familiar 

sequence of steps and making the next expected action explicit 

[21, 72]. 

Procedural cues also support grounding by maintaining a 

shared sense of where the exchange stands and what counts as 

progress [73]. In robot encounters, missing procedural signals 

leave users uncertain about where to stand, when to speak, or 

what the robot is waiting for, thereby producing hesitation and 

disengagement [49]. 

Design implication. The system should state the procedure 

early and succinctly: what will happen first, what it needs from 

the user, and what will happen next. This may be as simple as a 

recognisable routine (“follow me”) or a short interaction plan 

(“I’ll ask three questions, then I’ll recommend an option”). The 

point is to give users a script they can follow, rather than 

forcing them to infer the interaction structure from behaviour 

alone [51, 57, 74]. 

 

Principle 4: Mark deviations and explain them within the 

user’s frame 

Target schema: strategy (“why did that just happen?”) 

Section 3.4 showed that unexplained deviations - an LLM 

refusing a request without clarifying whether the issue is 

safety, capability or missing context, or a robot rerouting 



without saying why - leave users unable to tell whether the 

system is adapting or failing. Coordination depends on 

predictability. People anticipate what an agent will do next and 

revise their understanding when that expectation is violated 

[75, 76, 77]. Small deviations are often manageable when the 

reason is clear. The problem is the unexplained deviation: it 

interrupts action, diverts attention away from the primary task, 

and forces the user to work out what is happening [78]. 

Without a usable reason, users cannot tell whether the system 

is adapting to a constraint, making an error, or pursuing a 

different goal. The result is a broader loss of predictability - 

users no longer know what to expect next - which undermines 

coordination and reduces trust [41]. 

Design implication. When the system departs from the 

expected course, it should do two things: first, signal that a 

deviation is occurring; second, provide a brief explanation that 

supports action by identifying the goal, the constraint, and 

what will happen next. For example: “I’m taking a different 

route because this area is restricted; please follow me.” This 

restores predictability without requiring users to reason about 

internal optimisation, and explanations that do not support the 

user’s next action are unlikely to repair the interaction 

effectively [79]. What, then, counts as a “deviation” in practice? 

We define it simply: any action the user would not have 

predicted given the interaction script currently in play. 

Designers need not label every possible robot action in 

advance. Deviations are relative to the expectations the system 

itself has established. If a wayfinding robot initiates a “follow 

me” routine and then unexpectedly stops or reverses, it has 

broken the active script and should explain why when the robot 

behaves as expected, no special cue is needed.  

The reverse problem also matters: what happens when the 

user deviates - walking away mid-interaction, providing 

unexpected input, or skipping a step? Our framework focuses 

on how users interpret the robot, but the same coordination 

logic applies from the robot’s side too. To respond effectively, 

the robot needs an explicit expectation of the interaction 

sequence - what should happen next - so it can detect when the 

user has gone off-script and choose an appropriate recovery 

response (e.g., prompt, clarify, or restart the step). We see this 

as an important direction for future work as robots develop 

richer behavioural models. 

 

Principle 5: Repair when confusion is detected 

Target schema: schema network as a whole (restoring the 

interpretive framework) 

Even when cues are well designed, users will sometimes 

become confused. When this happens, they stop coordinating 

and start trying to work out what the system is doing [78]. If 

the system does not help, the confusion can spread: users lose 

confidence not only in the last action, but in the broader 

interaction - what this encounter is, what the system can do, 

and what should happen next [41, 75, 76, 77]. 

Design implication: Confusion should be treated as a prompt 

for repair. The system should briefly re-establish the shared 

frame so that the user can continue: remind them what this 

interaction is for (context), what the system can and cannot do 

(role), what happens next (procedure), and, where relevant, 

why the system changed course (strategy). A key limitation is 

that detecting confusion in real time remains technically 

difficult. Current approaches rely on cues, such as facial 

expressions, hesitation, gaze aversion and speech disfluencies 

e.g., [80, 81], but these signals are noisy and often unreliable 

across contexts. This principle therefore specifies what the 

robot should do once confusion has been detected, while 

acknowledging that detection itself remains an open 

engineering challenge. As a practical starting point, designers 

can use simpler triggers - response timeouts, repeated failed 

inputs, or the user explicitly asking for help - to initiate repair 

sequences, and move towards richer detection methods as the 

technology matures. 

5  Conclusion 

We argue that robot understandability is better conceived as a 

schema-alignment problem than as an information-disclosure 

problem: in real-world settings, such as clinics, airports, 

classrooms and homes, people have limited attention and 

cannot pause to work out in detail what the robot is doing or 

why, so they rely on schemas - learned expectations that let 

them rapidly infer what kind of interaction this is, what the 

robot is to them, what is likely to happen next, and how to 

interpret unexpected actions. Across our case studies, a 

consistent pattern emerged: when a robot’s cues support these 

expectations, coordination remains smooth; when they do not, 

users hesitate, lose confidence and disengage. This pattern 

appears in both embodied social robots and text-based 

language models, suggesting a broader challenge in how people 

make sense of autonomous systems during interaction, while 

also reinforcing that embodied robots introduce demands the 

LLM comparison cannot capture (shared physical space, spatial 

coordination and nonverbal cueing), so robot design 

frameworks must reflect these interactional realities rather 

than assume that findings from text-only systems carry over to 

embodied robots. The framework we propose now requires 

empirical testing to examine (i) how schema-aligned cues 

shape users’ ability to predict the system, coordinate with it, 

and trust it across tasks and settings; (ii) how prior experience, 

cultural background, and situational context shape the 

schemas users carry into an interaction; and (iii) how the 

relative weight of the four schemas varies by context (for 

example, whether procedural clarity matters more in time-

critical medical settings than in open-ended social encounters). 

This agenda also highlights two pressing technical challenges: 

reliable real-time detection of user confusion, and adaptive role 

calibration that updates how the system communicates its 

capabilities and limits as the interaction progresses.” By 

reframing understandability as expectation alignment rather 



than information disclosure, this work offers both a diagnostic 

lens for explaining why interactions break down and a 

psychologically grounded basis for designing systems that 

people can readily interpret and coordinate with. 
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