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ABSTRACT

Modern AI assistants are trained to follow instructions, implicitly assuming that
users can clearly articulate their goals and the kind of assistance they need. Decades
of behavioral research, however, show that people often engage with AI systems
before their goals are fully formed. When AI systems treat prompts as complete
expressions of intent, they can appear to be useful or convenient, but not necessarily
aligned with the users’ needs. We call these failures Fantasia interactions.
We argue that Fantasia interactions demand a rethinking of alignment research:
rather than treating users as rational oracles, AI should provide cognitive support
by actively helping users form and refine their intent through time. This requires
an interdisciplinary approach that bridges machine learning, interface design, and
behavioral science. We synthesize insights from these fields to characterize the
mechanisms and failures of Fantasia interactions. We then show why existing
interventions are insufficient, and propose a research agenda for designing and
evaluating AI systems that better help humans navigate uncertainty in their tasks.

Figure 1: Diagram describing a Fantasia interaction, including behavioral sources and failure modes.

1 FANTASIA INTERACTIONS

In a scene from the 1940 film Fantasia, Mickey Mouse plays a sorcerer’s apprentice who needs
to clean his master’s room. With access to a book of spells, he enchants a broom, instructing it
to carry water and clean the room. Mickey falls asleep as the broom does its job, but the broom
continues hauling bucket after bucket of water until the room floods. Lacking any context beyond the
instructions it was given, the broom faithfully executed the task to disastrous effect, and Mickey is
left dealing with the consequences.

This cautionary tale bears striking resemblance to many human-AI interactions today. Users often
prompt AI systems quickly without fully articulating their goals, constraints, or broader context
(Zamfirescu-Pereira et al., 2023). However, modern AI is optimized to respond helpfully to the
prompt as written. While models sometimes reason about intent or ask clarifying questions, these
behaviors are only weakly encouraged by current training methods. Like the enchanted broom, the
model faithfully executes the instruction it is given, even when doing so produces behavior that is
misaligned with the user’s ongoing intellectual or creative process. We define this phenomenon as a
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Figure 2: Illustrative examples of Fantasia interactions caused by base LLMs (a) and existing
alignment methods (b), as well as the desired interaction (c), across three domains: Education,
Writing assistance, and Advice seeking.

Fantasia interaction: a failure of human-AI coordination where the system commits to a concrete

interpretation from a prompt that may only be an early, evolving signal of the user’s intent.

Fantasia interactions may initially appear as prompting failures, but we argue that they reflect a more
fundamental alignment problem. The core issue is not how clearly users express requests, but how
AI systems interpret and optimize under incomplete and uncertain signals of human intent. In many
real-world interactions, users’ goals may be constantly evolving, under-specified, or only partially
articulated. As a result, when users approach a general-purose AI assistant, their prompts provide only
an incomplete proxy for what the user ultimately cares about. For example, in Education (Figure 2),
a student may ask an AI assistant to solve a problem set rather than help them understand missing
concepts; in Writing assistance, an applicant may ask for a draft of a personal statement instead of
support in shaping a compelling narrative; in Advice seeking, a user may ask for productivity advice
thinking that that would solve their problem, even though there are deeper root causes to their lack of
productivity. In each case, the prompt is reasonable in isolation, but because the AI assistant takes
the request at face value and is quick to provide a solution, the interaction results in an outcome that
ultimately does not address the user’s underlying needs.

Our position is that alignment research should address Fantasia interactions by desgining AI
systems that provide cognitive support to users. In practice, this means AI systems should help
users articulate and refine their intent or goals over time. As we later argue, research towards this
goal remains fragmented; machine learning (ML) works tend to treat humans as oracles or rational
users—overlooking our many behavioral biases—while human-computer interaction (HCI) research
does account for these biases but typically lacks scalable interventions for general-purpose systems.
This gap motivates an interdisciplinary approach that integrates ML, interface design, and behavioral
science, which underlies our perspective in this paper.

Structure of paper. We develop our argument in three parts. (i) We synthesize evidence from
behavioral science, ML, and HCI to characterize Fantasia interactions and their downstream failures
(Sections 2-4). (ii) We then show why existing ML and HCI interventions only partially address these
failures in general-purpose models (Section 5 and 7). (iii) Finally, we propose a research agenda for
better aligning and evaluating AI models (Sections 6 and 8). While significant challenges remain, our
work motivates a rethinking of alignment as support for human cognition under uncertainty.
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2 HUMAN-SIDE OF FANTASIA INTERACTIONS

A Fantasia interaction is a failure on both the human side and the AI side. In this section, we cover the
evidence and behavioral sources behind why humans often come to AI with under- or mis-specified
instructions. We emphasize, however, that human and AI behavior mutually shape each other:
AI design influences how users formulate requests just as much as user prompts constrain how AI
systems respond. As a result, the boundary between the “human-side” and “AI-side” may be blurred,
and we draw these connections explicitly where relevant.

2.1 EVIDENCE

A growing body of work in HCI suggests that humans frequently issue vague or underspecified
prompts, leading to inefficient iteration (Knoth et al., 2024). These issues become more pronounced
as tasks grow larger or more complex; when problems involve many interdependent decisions, users
struggle to state goals, preferences, or success criteria upfront (Desmond & Brachman, 2024; Ma
et al., 2025). Rather than reflecting poor planning, this behavior often arises because users are still
forming their goals. People tend to prompt quickly and revise after observing failures, treating
interaction as an exploratory process rather than a deliberative one (Zamfirescu-Pereira et al., 2023).

2.2 (BEHAVIORAL) SOURCES

Why does this happen? Writing a well-specified prompt is not just a language or engineering problem,
it is a metacognitive one. To specify what kind of help would be most useful, users must reflect
on their goals, preferences, and uncertainties, which is cognitively expensive (Flavell, 1979; Lai,
2011). Our argument is that AI systems create an unusually low-friction environment for action,
encouraging users to skip this reflection and employ a brute force strategy. We outline three
behavioral phenomena that contribute to this problem, though none of them are mutually exclusive:

1. Human decision-making is shaped by present bias and bounded rationality. People systemati-
cally prefer quick actions with immediate feedback over slower, more deliberate planning (Laibson,
1997; O’donoghue & Rabin, 1999). They also rely on simplified heuristics when tasks feel complex
or overwhelming (Simon, 1955). For example, in the Education scenario, the student is myopic
and wants to finish the problem set now, despite not fully understanding the source material. More
broadly, all of the examples in Figure 1 can be attributed to present bias from the perspective of users
being impatient and wanting immediate solutions to their problems.

2. Users have incomplete mental models of how AI can help. One reason is that users might
overestimate capabilities. Because modern AI assistants appear fluent and capable at reasoning, users
often assume the model can infer missing goals or resolve ambiguity on its own, leading them to
offload poorly specified problems (Kosmyna et al., 2025; Nguyen, 2024; Wingerter et al., 2025).
However, users might also underestimate capabilities. Although AI systems can adopt incredibly
specific assistance modes or personalities, users often default to generic commands (O’Brien et al.,
2025). This may be because when the space of possible help is large, users fall back on familiar
interaction patterns, consistent with evidence on choice overload (Gao et al., 2024; Chen et al., 2025b;
Chowa et al., 2025; Chernev et al., 2015). In HCI, this phenomenon is also known as the gulf of

envisioning (Subramonyam et al., 2024): a gap between what users want to achieve and what they
can readily imagine the system doing. For example, in Writing assistance, a user may ask for a draft,
not understanding that AI can guide them through shaping a narrative they cannot yet articulate.

3. Much of human intent is tacit and hard to articulate. People often know what they want in
an intuitive sense but struggle to express it precisely. This gap between knowledge and articulation,
also known as “tacit knowledge,” limits how clearly users can specify their needs (Polanyi, 2009;
Nisbett & Wilson, 1977). Decades of work in cognitive science show that people often do not know
what they want until they see possibilities, encounter constraints, or iterate (Schön, 1983; Pirolli &
Card, 2005). For example, in the Advice seeking scenario, the user might not realize their current
state (being burnt out) and is instead asking for advice to treat their symptom (lack of productivity);
verbalizing their current state can be a cognitively challenging task.
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3 AI-SIDE OF FANTASIA INTERACTIONS

3.1 EVIDENCE

A growing body of empirical work suggests that instruction-tuned AI models are biased toward
immediate compliance. One piece of evidence is sycophancy: the tendency of models to agree with
or reinforce a user’s assumptions, even when those assumptions are wrong or internally inconsistent
(Sharma et al., 2024). Another observation is that instruction-tuned models are overconfident and
verbose (Ouyang et al., 2022; Kadavath et al., 2022; Yin et al., 2023). They tend to generate polished
end products, regardless of how well-specified prompts are. Both of these phenomena can create a
“genie in the bottle” effect that Fantasia interactions capture: literal execution of requests that may
appear helpful on the surface, but undermines the user’s cognitive and exploratory process.

3.2 SOURCES

1. Instruction Tuning. Canonically, AI models go through post-training in order to better follow
instructions. These include methods like supervised fine-tuning (SFT) (Ouyang et al., 2022) and RL
from human feedback using DPO (Rafailov et al., 2023) or PPO (Schulman et al., 2017), though
many variants exist, see Zhang et al. (2023). Instruction tuning this way implicitly teaches a model to
optimize for single-shot outcomes, assuming that user intent is pre-specified, coherent, and stable.

2. Interface Design and Payment Model. Beyond training, current AI systems often present a
single text box that encourages users to issue one-shot requests, implicitly framing interaction as a
simple query-response exchange. These AI products are also typically subscription-based, so once
users have paid an upfront cost, additional prompts feel free, encouraging rapid prompting. Together,
these choices discourage reflection and exploration, increasing the likelihood of Fantasia interactions.

4 FAILURE MODES

Fantasia interactions can result in multiple failure modes that are not necessarily mutually exclusive.
Here, we outline three important failures, but we note that this is not an exhaustive list.1

1. Premature execution: executing before intent is formed. Premature execution occurs when an AI
system carries out a request before the user has fully articulated (or even discovered) their preferences,
goals, or constraints. In many tasks, users refine what they want through thinking, sketching, or
partial attempts. The system short-circuits this process when it executes too early.

Why it matters. Rather than saving effort, premature execution often creates additional work. Users
must retroactively inspect, critique, and revise an output that was generated before their intent was
clear. This shifts cognitive effort from deliberate planning to reactive correction, leading to longer
interaction loops and increased frustration. For example, in Writing assistance, the user might have
specific preferences, but repeated prompting to generate the personal statement does not yield a
satisfactory draft. The user ends up spending more time editing themselves.

2. False satisfaction: optimizing short-term versus long-term utility. False satisfaction arises when
an interaction feels successful in the moment but undermines the user’s longer-term goals. The system
delivers an answer that resolves immediate friction, producing a sense of progress, even though the
outcome is misaligned with what would benefit the user over time.

Why it matters. This failure mode is particularly insidious because it does not facially present itself
as an error; users may leave the interaction satisfied only to incur costs later. For example, in
Advice-seeking, a user seeking productivity advice may receive actionable tips that ignore underlying
burnout, leading to repeated cycles of day-to-day relief but not a long-term solution.

3. Anchoring: cognitive influence on downstream thinking. Anchoring occurs when early outputs
from an AI system disproportionately shape the user’s subsequent thinking, constraining exploration
even when alternatives might be better. Once an initial suggestion is presented, it becomes a reference
point that may be difficult to move away from.

1For example, AI systems also pose environmental consequences when they are verbose and result in
inefficient interactions.
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Why it matters. Anchoring limits the diversity of ideas a user considers and can cause premature
convergence on mediocre solutions. This is especially problematic in settings where users have
weak priors or ill-defined preferences, and where the value lies in exploring multiple possibilities
rather than committing early. For instance, in Writing assistance, asking an AI for a first draft may
anchor the user to that draft’s structure, tone, and themes. Unless the user has strong prior intentions,
subsequent edits might orbit the initial output rather than explore fundamentally different narratives.

5 EXISTING INTERVENTIONS

In this section, we outline approaches in ML and HCI that (at least partially) tackle the Fantasia
problem, and discuss the corresponding assumptions and limitations of these approaches. This review
motivates our agenda in Sections 6 and 8.

5.1 MACHINE LEARNING (ML)

In general, ML approaches assume that users are oracles – they know exactly what they want, with
interaction designed to recover that intent if previously underspecified.

5.1.1 LONG-CONTEXT ALIGNMENT

Methods. Many recent works propose to train AI policies to optimize over conversations. There are
often two main components: (1) A routing decision – either explicit or implicit – between numerous
actions such as asking a clarifying question or proceeding with a (partial) response; (2) Future-
aware evaluation through user simulators: The value of some output is defined by its downstream
reward over multiple conversation turns, typically using an LLM to simulate user trajectories. These
ideas appear across a wide range of approaches, including prompt-based control (Chen et al., 2023),
explicit routers and questioners trained to resolve ambiguity (Kuhn et al., 2022; Andukuri et al.,
2024), preference-learning and reinforcement learning frameworks (Wu et al., 2025; Zhang et al.,
2025a; Chen et al., 2025a), and offline RL over imagined conversations (Hong et al., 2023).

Assumptions. User intent may be incomplete but can be elicited. Underlying most of these works is
also a human-agent learning paradigm, which models settings where humans and AI jointly shape
an interaction. For example, the methods above may fall under Cooperative Inverse Reinforcement

Learning (Hadfield-Menell et al., 2016), where the user knows their true reward function but the AI
only implicitly learns that reward through repeated interactions. Another paradigm is Mixed-initiative

Interaction (Allen et al., 1999), which models the decision of whether or not to intervene in an
interaction. In either case, these models might faithfully capture the structure of collaboration, but not
the behavioral frictions that arise in practice (e.g., users might not know their true reward function).

Drawbacks. Optimizing multi-turn rewards on task-specific datasets does not guarantee that these
models fundamentally change their interaction style to support users’ meta-cognitive needs. In-
deed, these approaches tend to focus on reducing epistemic uncertainty: asking clarifying questions
about what the user meant or about their preferences. This emphasis is partly driven by the train-
ing/evaluation data, which often consists of QA-style tasks with well-defined ground truth where
ambiguity can be resolved in a small number of turns. Fantasia interactions cover a much broader
range of uncertainty about latent states. To demonstrate these drawbacks, we qualitatively evaluated
two representative alignment methods: CollabLLM (Wu et al., 2025) and Star-Gate (Andukuri
et al., 2024) with realistic human-AI interaction scenarios. Key examples can be found in Figure 2(b)
and a complete set can be found in Appendix A.

5.1.2 PERSONALIZATION

Methods. Personalization is the problem of tailoring model behavior to user preferences or states.
It is related to the Fantasia problem because the system must act under partial information about
what would benefit the user. Existing personalization methods operate at several levels, including
training-time approaches (Li et al., 2024c; Poddar et al., 2024; Shenfeld et al., 2025; Li et al., 2024a),
inference-time methods (Bo et al., 2025), and memory architectures that store information across
long contexts (Westhäußer et al., 2025; Tan et al., 2025). See Zhang et al. (2025b) for a review.

Assumptions. User has a static, latent profile that can be inferred through interactions.
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Drawbacks. Personalization methods in practice work for general preferences (e.g., the user codes
primarily in Python or prefers bullet point responses). In contrast, Fantasia interactions occur because
the user has preferences and states that may change at different times, for different tasks. In this sense,
personalization becomes an almost intractable problem of understanding all of the user’s relevant
context in leading up to an AI interaction.

5.2 HUMAN-COMPUTER INTERACTION (HCI)

In contrast to ML, HCI research does not treat user intent as stable and fully formed, waiting to be
inferred. Instead, intent is understood as constructed through interaction with the system. Below, we
summarize design interventions and their limitations.

5.2.1 DESIGN INTERVENTIONS: METHODS

HCI approaches tend to focus on domain-specific interface design in order to promote better meta-
cognitive reflection. Several recurring strategies appear across recent works:

Help clarifying goals. Interfaces can help users express goals and constraints they cannot easily
articulate by externalizing structure. For example, prompt middleware systems provide visual aids to
help users clarify their requirements and trade-offs (Jiang et al., 2023). Training-oriented approaches
(Ma et al., 2025) reframe prompting as requirements engineering and show that explicit articulation
improves performance on complex tasks.

Expanding the imagined action space. To reduce the gulf of envisioning (Section 2.2), systems can
propose alternative forms of assistance. Design space exploration tools explicitly frame interaction as
navigating a space of possibilities to combat over-commitment to early ideas (Liu et al., 2023; Zhang
et al., 2024; Wu et al., 2024). One way to expand the action space is by showing users short previews
and example outputs, so they can better anticipate what the model will produce and choose a more
appropriate request (Min & Xia, 2025).

Providing comparisons. Rather than optimizing single outputs, many HCI systems support compari-
son, reflection, and sensemaking by displaying multiple prompts and models (Arawjo et al., 2024).
These approaches emphasize understanding and deliberation over raw output quality.

Creating friction and promoting reflection. Several systems deliberately slow users down to
counteract present bias and impulsive action. Probing assistants that ask questions instead of
immediately offering advice have been shown to improve decision quality in complex domains
(Chung et al., 2024). Similarly, Park et al. (2023b) propose that AI models should be “thinking
assistants” rather than generators.

5.2.2 DESIGN INTERVENTIONS: DRAWBACKS

While HCI explicitly accounts for humans’ behavioral biases, these works often focus on interface-
level interventions in highly specific domains—e.g., only coding or only brainstorming ideas (Singh
et al., 2023)—and are evaluated on small samples. As a result, these approaches are often treated
as add-ons rather than core alignment strategies. Bridging this gap by integrating HCI insights into
general purpose models remains an open challenge, which we discuss next.

6 RESEARCH DIRECTIONS: INTERVENTIONS

Building on the insights above, we now outline a set of research directions that change model behavior
in order to mitigate Fantasia interactions. Critically, unlike the vast majority of ML approaches that
treats users as oracles, we propose a new alignment paradigm: that AI systems should be designed
to better support the cognitive processes humans engage in during everyday tasks; this is similar
to how HCI and behavioral science has long approached human-AI interactions.

We organize these interventions along two categories. The first is mechanism-specific interventions,
which involves tailoring AI responses to address specific behavioral biases. The second focuses on
domain-specific cognitive support, where systems are shaped around the structure of particular tasks.
We emphasize that these categories are not mutually exclusive—and effective systems may well
combine elements of both—but we separate them here for clarity.

6



Prepared for HCAIR Workshop 2026

6.1 INTERVENTION 1: MECHANISM-SPECIFIC INTERVENTIONS

At a high level, these interventions are about introducing productive friction: moments where the
system slows down just enough to help users reflect on what kind of help they actually need. The goal
is not to block progress, but to prevent premature execution when the request is underspecified or
when the user’s intent is still forming. We view these interventions as falling into four broad actions
(though this may not be an exhaustive list). The first three introduce different forms of friction, while
the fourth corresponds to standard generation once sufficient clarity has been achieved.

Action 1: Expanding the space of possible help. When a user does not realize additional ways in
which the model could help (i.e., a gulf of envisioning), the system can offer alternative modes of
assistance or counterfactual options.

Action 2: Getting additional information. If a prompt lacks the information needed to act reliably,
the system can operate at the user’s current level of abstraction and request additional context.

Action 3: Supporting intent formation. In cases where the prompt is underspecified and the user
appears uncertain—often because the task is complex, unfamiliar, or ill-defined—the system can help
the user articulate their goals. This may involve asking targeted questions, suggesting dimensions to
think through, or helping the user break down what they are trying to achieve.

Action 4: Generate. Finally, when the user’s intent is sufficiently clear and well-specified, the system
can proceed with standard generation.

6.1.1 HOW TO OPERATIONALIZE

Operationalizing these ideas requires solving two problems. First, the system must decide when and

how to intervene. Second, conditional on that choice, it must decide what to say or show the user.

Stage 1: Routing across actions. At a high level, we can view interaction as a trajectory ω =
(x1:T , a1:T , y), where xt denotes the observed context at turn t (e.g., prompt or metadata), at → A
is an intervention choice (one of the actions), and y is a downstream outcome measured after some
horizon. The problem is to learn a routing policy ε(at | x1:t) that decides when and how to intervene.

Stage 2: Selecting content within actions. Given an intervention a → A, the system must then
choose a concrete realization z → Za (e.g., which options to surface, which question to ask, or which
reflection prompt to present). The challenge is to select content that is most informative or helpful
while minimizing user effort.

6.2 INTERVENTION 2: DOMAIN-SPECIFIC COGNITIVE SUPPORT

In an ideal setting, each user task would be supported by a domain-specific system tailored to the
structure of that task. These systems are often more effective than general-purpose tools because
they encode domain-specific workflows and mental models. For example, there have been many
successful AI applications specialized for tutoring and therapy (Létourneau et al., 2025; Li et al.,
2023), both of which require vastly different cognitive processes.

However, in reality the vast majority of usage (even for tutoring and therapy) are concentrated in
general-purpose models (Chatterji et al., 2025). Our interest here is not in replacing domain-specific
tools, but in discussing how general models might approximate their benefits by inferring task
structure and cognitive stage, without hard-coding domain-specific applications. Domain-specific
cognitive support can be broken down into four stages:

S1. Inferring task or domain. The system first infers the domain and task from the user’s input (e.g.,
creative writing or education), which determines the relevant constraints, norms, and success criteria.

S2. Modeling cognitive processes. Each domain is associated with a characteristic set of cognitive
stages (e.g., ideation, structuring, refinement for creative writing), reflecting how users typically make
progress on the task.

S3. Determining user state. Given the inferred process, the system estimates where the user
currently is within it, based on their prompt, interaction history, and other priors.
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S4. Intervening. Finally, the system intervenes in a way that is aligned with the user’s current
cognitive state.

6.2.1 HOW TO OPERATIONALIZE

At a high level, one can design a routing policy to categorize prompts by domain (S1). For each
domain, one would require a taxonomy of the cognitive processes that have been established from
various fields (S2). For example, education has long contended with best pedagogical practices to
help support students (Anderson, 1982; Anderson et al., 1995). Then, the AI might determine user
state by updating its beliefs using information on user prompts and priors on past conversations (S3).
Finally, yet another routing policy is needed to determine the best intervention for the user’s cognitive
state, subject to some interaction penalty (S4).

6.3 CHALLENGES AND FUTURE WORK

Many aspects of the interventions above can, in principle, be framed as standard learning problems.
For example, routing can be formulated as a reinforcement learning or contextual bandit problem,
where the system trades off downstream task outcomes against interaction costs. Likewise, deciding
what to say or ask can be viewed through the lens of Bayesian belief updating or information gain,
where the goal is to reduce uncertainty about user intent. Yet two practical challenges remain.

Challenge 1. Modeling User Uncertainty. Both approaches—whether explicit or not—attempt
to infer cognitive states from sparse and noisy signals like prompts. In practice, these signals are
incredibly weak proxies. Progress here requires (i) rich data on long-context interactions and explicit
annotations of user goals or uncertainty, and (ii) models that can hyper-personalize or use some
recommendation system-type paradigm to make better inferences about cognitive states.

Challenge 2. Deciding Interventions for Diverse Tasks. Deciding what to say or show the
user is an extremely high-dimensional problem. Learning this purely from preference or outcome
data is unlikely to scale, but a promising avenue is to impose stronger structure. We have already
demonstrated this principle by decomposing the interventions into targeted learning tasks, rather than
one preference-learning task. But we can impose even more priors. For instance, in Intervention 1, we
can restrict the space of content Za by conditioning on domain knowledge; if the task is educational,
then Za can be restricted to pedagogically grounded forms of assistance.

6.4 THE ROLE OF DESIGN INTERFACES

Thus far, we have discussed ways to create AI systems that are better aligned with the cognitive
processes of solving complex tasks. Here, we acknowledge that interface design is yet another layer
that is just as important as the system’s behavior itself. This is because interface design impacts user
behavior (Norman, 1988). For example, consider a cognitive workflow for a particular domain like
coding. In this case, it may be useful for an AI system to tailor its responses to that particular domain
(as in the previous Section), but it may also make sense to create a design for that intervention that suits
the coding process (e.g., providing a visual for how functions interact with each other in a codebase).
In other words, interventions can be enhanced by design interfaces. However, as we analyze
in Section 5.2, there is a fundamental tension between generality and effectiveness in designing
interfaces. As AI behaviors become increasingly aligned with human cognitive processes, interface
design should likewise become more task-specific. Early evidence of such dynamic interfaces can
already be seen in state-of-the-art AI products—for example, in offering specialized interfaces for
writing and image generation (OpenAI, 2025).

7 EXISTING EVALUATION PARADIGMS

Thus far, we have discussed methods and interventions, but equally important is the problem of
evaluating AI systems with respect to Fantasia interactions. However, existing works often heavily
simplify interactions to be well-contained in order for evaluations to be tractable, which is insufficient
in evaluating Fantasia interactions.

Benchmarks. Existing multi-turn benchmarks (Abdulhai et al., 2023; Kwan et al., 2024; He et al.,
2024; Li et al., 2024b) often focus on well-defined tasks where outcome is simple task completion,
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subject to incomplete initial instructions. While these benchmarks technically account for imperfect
or opportunistic prompting, they capture only simplified interactions and overlook the behavioral
complexity of real, open-ended scenarios where user intent is uncertain or evolving.

Evaluation frameworks. Several works have also proposed broad frameworks for evaluating human-
AI interaction, advocating to measure both the process and the outcome of an interaction (Lee et al.,
2023; Shao et al., 2024; Shen et al., 2025). In principle, these frameworks can be applied to Fantasia
interactions, but in practice they are primarily demonstrated on well-defined, short-form interactions
where human intent is not the central challenge.

8 RESEARCH DIRECTIONS: EVALUATION

8.1 METRICS

In principle, there is no one-size-fits-all metric that is appropriate across all interactions. We focus
here on two approaches for selecting metrics that are well-suited to Fantasia interactions (and
human–AI interactions more broadly).

Approach 1. One approach is to use the framework from Lee et al. (2023): what are the users’
preferences in the interaction, both at the process level and the outcome level? For example, in
a programming task, a user might prefer “vibe coding”: code that works out-of-the-box, without
worrying about why it works. That preference may be reasonable early on, but it may backfire later
when bugs appear based on past design choices that the user did not make or understand. Evaluators
should think about user experience and preference throughout all stages of the interaction process.

Approach 2. Another approach is to anchor metrics based on the causes and failures of Fantasia
interactions. Consider, for example, a creative writing task. If a primary concern is that the user
will ultimately waste time throughout the interaction, then measuring a user’s revision burden (e.g.,
prompt edits or frequent restarts) may be appropriate to capture Premature execution. If in addition,
Anchoring is also a concern, then one might want to measure path dependence: how strongly the
final output resembles the model’s initial suggestion, even after multiple rounds of interaction.

8.2 BENCHMARKS

Unlike existing benchmarks, measuring Fantasia interactions require modeling complex human-AI
interactions. A central challenge, however, is that human behavior is diverse and idiosyncratic. We
outline one possible approach for designing such benchmarks.

Step 1. Construct diverse tasks that reflect real-world usage, particularly ones that are open-ended
or exploratory and users’ goals are shaped throughout the interaction. The examples we outline in this
paper are merely starting points, and taxonomizing them is an important direction for future work.

Step 2. For each task, include a diverse set of realistic human interactions that capture how
different people interface with AI. For example, some people may be more intentional or approach AI
systems with more clarity than others. Some people may get frustrated more easily than others from
an interaction that goes in circles. Recent work has begun to document these behaviors (Shaikh et al.,
2025), but future work should more comprehensively document the range of behaviors across tasks.

8.3 THE PROMISE AND CHALLENGE OF IN SILICO APPROACHES

Even with comprehensive benchmarks, evaluating Fantasia interactions remains fundamentally
challenging because they often involve counterfactuals: how a user’s behavior and outcomes would
have changed had the model responded differently. Counterfactual interactions are difficult to obtain
in human studies. Users are costly and, more importantly, cannot reason through or experience the
many alternative trajectories that a single interaction might have taken.

This is why recent works often rely on in silico experiments that simulate users as proxies for human
behavior (Horton, 2023; Park et al., 2023a; Shao et al., 2024). While promising, the results of user
simulators depend on modeling complex human behaviors that contribute to Fantasia interactions,
such as intent clarity, uncertainty, frustration, and regret. Thus, a crucial avenue for future work is
to develop a protocol for in silico experiments that faithfully model real user behavior, which
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remains a challenge for AI models given their limited interpretability and stochastic behavior. Absent
a trustworthy evaluation pipeline, in silico experiments should mainly be used for controlled ablations,
with the gold standard involving real human interaction data.
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