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Abstract

Pluralistic alignment is typically evaluated in
terms of what models can represent: a range of
reasonable answers, a specified perspective, or
the preferences of a target population. But in de-
ployment, it is the interface that often determines
whether these capabilities reach the user. Even
when models can express pluralism in theory, stan-
dard chatbot interfaces incentivize users to accept
the model’s first fluent answer since contestation
is cognitively taxing. We call this phenomenon
deference by design, and trace its consequences
for human autonomy and alignment.

This paper makes three contributions. First, we
reframe overreliance on Al defaults as a cost-
rational response to Al systems and their inter-
faces rather than a human failure. Second, we ar-
gue that pluralistic alignment must be understood
as a system-level property of models, interfaces,
and users’ cognitive engagement budgets rather
than one of the model alone. Third, we introduce
Priori, an interface for human-Al complemen-
tarity that surfaces contestable choices in model
responses as adjustable cards. Priori raises the ab-
straction level of oversight, making it cheaper for
users to express values and revise hidden defaults.
Together, these contributions motivate interfaces
as a central design object for both pluralistic align-
ment and human oversight.

1. Introduction

Pluralistic alignment aims to make Al systems responsive to
the diversity of human values. To date, the field has largely
treated pluralism as a property of the model: whether it can
present a spectrum of reasonable answers (Overton plural-
ism), follow a specified perspective (steerable pluralism), or
match the preferences of a target population (distributional
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pluralism) (Sorensen et al., 2024). Recent work pursues
these goals through training, decoding, personalization, and
user modeling — in essence, broadening the space of possi-
ble values a model can encompass in its response (Xie et al.,
2025; Chen et al., 2025; Feng et al., 2024). However, in
practice, users do not interact with “pluralistic models” in
the abstract. They interact with interfaces that determine
how model behaviors are presented, and how difficult it is to
object when the model’s response does not match the user’s
intentions and values. The interface through which users
and models interact, then, is not a neutral conduit between a
pluralistic model and a pluralistic user base. Overton plu-
ralism requires that users read the spectrum of reasonable
responses; steerable pluralism requires that users actually
steer; and distributional pluralism relies on a representative
signal from engaged users.

We therefore treat pluralistic alignment as a system-level
design problem encompassing the user’s incentives, the
model’s capabilities, and the interface at which they meet.
In most interfaces, the model’s decisions arrive in polished
prose, with the underlying reasoning buried under thousands
of chain of thought tokens. Seeing what the model decided
takes close reading, and contesting it costs more still: the
user must abstract the choices the model made, compare
the model’s choices against their own, and compose a new
prompt to express feedback. The high cognitive cost of this
interaction may lead users to defer to Al systems, even when
the responses are factually incorrect or misaligned with their
values (Swaroop et al., 2025).

A common response in the field of human-computer interac-
tion has been to treat overreliance as a human shortcoming
— alapse in vigilance to be corrected through friction: warn-
ings, delays, and cognitive forcing functions (Buginca et al.,
2021). However, overreliance can also be understood as a
strategic response to costs and incentives, with users weigh-
ing the benefits and costs of engagement with an Al system
(Vasconcelos et al., 2023). We extend this view to modern
generative interfaces. When acceptance is nearly free and
contestation requires effort with little meaningful reward,
disengagement is not a failure but the rational response. We
call this deference by design, locating the failure within the
interface rather than the user.

This extends a long-standing debate in human-computer
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interaction between direct manipulation and software agents
(Shneiderman & Maes, 1997). Direct manipulation inter-
faces make objects visible and editable so users can act on
them directly and observe the consequences. Agentic inter-
faces instead reduce effort by acting on the user’s behalf.
Both aim to narrow the gulf of execution (the gap between a
user’s intentions and the actions available to carry them out)
and the gulf of evaluation (the effort required to interpret
the system’s state and judge whether one’s intentions have
been met) (Norman, 1988). Generative Al often narrows the
gulf of execution by allowing users to describe their goals
in natural language, but widens the gulf of evaluation by
burying consequential choices in fluent prose.

To bridge these gaps, we introduce Priori, an interface for
human-Al complementarity. Priori extracts a small set of
human-relevant choices a model has made within a given
response and surfaces them as adjustable cards with plausi-
ble alternatives. In our design, we prioritize faithfulness to
the response’s properties rather than the model’s underlying
computation, economical and causal methods for contesta-
tion, and non-blocking interactions. We hypothesize these
will lead to higher-quality outputs, calibrated trust toward
the model, and a greater sense of autonomy among users.

In summary, this position paper makes three contributions
to pluralistic alignment:

1. Framing deference to Al defaults as a rational response
to interface cost structure rather than a human failure,
one which affects human oversight, preference learn-
ing, and the values expressed in chat interactions.

2. Treating pluralistic alignment as a system-level prop-
erty realized at the interface: model-level pluralism
only matters in deployment if it reaches the end-user.

3. Demonstrating Priori, an interface for human-AlI com-
plementarity, and discussing key design choices impor-
tant for pluralism in practice: https://priori.chat/demo.

2. Problem: Deference by Design

Pluralism can fail even when a model is capable of produc-
ing many reasonable answers. We trace this failure through
three linked mechanisms. First, model outputs contain invis-
ible defaults where implicit choices were made about values,
framing, tone, and so on. Second, current interfaces make
contesting those defaults costly, so users often defer not
because they endorse the output, but because accepting it is
easier than exercising judgment. Third, low-engagement ac-
ceptance can feed back into alignment pipelines as if it were
evidence of preference. The result is models that appear
aligned while homogenizing values expressed in practice.

2.1. Hidden Defaults Puppet Human Judgments at Scale

Large language models encode a layer of provider-defined
defaults: opinionated, centralized judgments shaped through
constitutions, post-training pipelines, safety policies, and
product decisions. These defaults are part of the appar-
ent magic of language models, letting them act as general-
purpose assistants by filling in underspecified choices and
lowering the cognitive cost of completing tasks.

In 2024, one model default drew backlash when Google’s
Gemini produced historically inaccurate and overly diverse
images, including female popes and black Nazi soldiers
(Shamim, 2024). Most defaults, however, produce no such
friction and flow into millions of outputs unnoticed. Few
users have ever asked ChatGPT to delve into anything, yet
numerous journal articles now open that way (Kobak et al.,
2025). Ask a model to write a cover letter and it will choose
not just the words but the tone, the emphasis, what to fore-
ground about an experience and what to leave out, mak-
ing judgments that would otherwise have been the user’s
(Shaikh et al., 2024).

As systems become more capable, these defaults reach be-
yond tone into judgments about what is true. In doing so,
they shape what Vallier calls the user’s intelligence envi-
ronment, affecting how humans interpret the information
they see (Vallier, 2025). Al-assisted writing has been shown
to shift opinions in argumentative essays and judgments of
others’ work (Abdulhai et al., 2026), and these influences
are especially difficult to detect for users unfamiliar with a
given system’s idiosyncrasies (Russell et al., 2025). Further,
models tend to mirror users’ stated beliefs (Sharma et al.,
2024), validate the framings they bring to social conflict
(Cheng et al., 2025), and reshape the relational dynamics in
which their preferences evolve (Kirk et al., 2025).

However, delegation is not always undesirable, and is of-
tentimes appropriate (Kim et al., 2025). We constantly, and
rightly, defer to those with deeper knowledge about a topic
than ourselves, trusting a doctor’s diagnosis or an expert’s
read of a field. Sunstein argues that a person exercises
agency not only in making a choice, but in deciding whether
the choice is theirs to make at all, what he calls second-order
agency (Sunstein, 2025). However, delegation is an exercise
of agency only if the person knows a decision is there to
delegate. A patient knows they have deferred, but the reader
of a model’s cover letter does not know that its tone, its
emphasis, and its silences were decisions at all, and so has
delegated nothing.

McCord presses the worry further (McCord, 2026). He
separates agency, the capacity to get the outcome you want,
from autonomy, the capacity to decide what to want by your
own judgment, and notes that a system can increase the
first while eroding the second. A person who defers their


https://priori.chat/demo

Deference by Design: Pluralistic Alignment Is an Interface Problem

decisions stunts their capacity to develop judgments, and a
person whose judgment has weakened defers more readily.
Hidden defaults, repeated across millions of exchanges, let
the capacity for decision wither from disuse. Yet free and
democratic societies depend on citizens who can exercise
judgment, contest inherited assumptions, and meaningfully
shape what is done in their name. When that capacity erodes,
so does our ability to resist lock-in — technological and
moral (Qiu et al., 2025).

2.2. Authoritative Interfaces Encourage Deference

Current chatbot interfaces present Al models as authoritative
and logical oracles: reasoning for long periods and provid-
ing lengthy answers with confident prose and little room
for user contestation. This makes it difficult for users to
calibrate their perception of the model’s capabilities as well
as their own trust in them, a state of affairs only amplified by
the jagged frontier of capabilities which vary unpredictably
across tasks (Dell’ Acqua et al., 2026).

Oftentimes, this incentivizes users to defer their judgment
to the model. We use deference to refer to the behavior
whereby users accept a model’s response not because they
were persuaded by it, but because contesting it costs more
cognitively than accepting it. As Landes et al. put it: “Being
persuaded because one is convinced by the LLM-generated
reasons can support the moral and intellectual growth of
users, while being persuaded because one defers to the LLM
can prevent, or even reverse, growth and understanding’
(Landes et al., 2026).

>

The implicit model in much of the HCI literature is that
users ought to engage more carefully and reflectively but
fail to do so, and that added friction (e.g., through present-
ing explanations and Socratic questioning) can correct this
failure by slowing them down (Buginca et al., 2021; Danry
et al., 2023). However, human-centered design has long
recognized that when users consistently fail to use a system
as intended, the system, not the user, should be redesigned
(Figure 1).

Friction-based interventions that target the human can make
passive acceptance less immediate, but they do not neces-
sarily make meaningful engagement worthwhile. Though
the user may be prompted to pause, the work of fully un-
derstanding an output and composing a corrective prompt
remains unchanged. In practice, when served with a slowing
intervention, users looking to accomplish a task are likely to
route around added friction or migrate to a more streamlined
tool.

2.3. Low-Engagement Signals Become Alignment Data

Beyond individual interactions, deference shapes the
data that alignment pipelines learn from. This is well-

(a) Prevailing HCI Model
Disengagement as user failure

(b) Human-Centered Design Model
Disengagement as rational response
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Figure 1. Two mental models of interface failure. Traditional HCI
treats disengagement as a user shortcoming (left); we treat it as a
rational response to cost structure (right).

documented on the annotator side of the alignment pipeline,
though typically framed as a data-quality issue rather than
an interface one. Annotator fatigue, time pressure, and un-
derspecified guidelines degrade label consistency and inflate
noise in pairwise preference data (Casper et al., 2023; Hosk-
ing et al., 2024). Under low engagement, raters fall back
on surface features that are easy to evaluate: length alone
explains a substantial fraction of preference judgments in
standard RLHF datasets (Singhal et al., 2024; Park et al.,
2024). Sharma et al. trace sycophancy to the same mecha-
nism: non-expert raters under low scrutiny prefer agreeable
responses, and reward models trained on those preferences
encode and amplify the bias (Sharma et al., 2024). The same
dynamic operates on the user side of the pipeline, where
deployed models are increasingly used as preference collec-
tion instruments. As long as the interface prices acceptance
below contestation, the values expressed in the data will be
biased toward what users were willing to engage with rather
than those they truly hold.

3. Approach: Pluralism at the Interface

To address these problems, we must shift from asking how
we can force users to engage to asking how we might make
engagement worth the effort. The design space can be un-
derstood along two axes: agency and autonomy (Table 1).
Doing everything yourself preserves autonomy but gives
up the productivity gains of Al. A weak Al system offers
neither. Current Al products, capable yet difficult to collabo-
rate with, occupy the high-agency, low-autonomy quadrant.
They help people accomplish tasks, but risk atrophying a
user’s capacity for judgment. This makes the tradeoff ap-
pear inevitable, as if using Al requires ceding control and
preserving control requires forgoing assistance.

We emphasize the need to design for complementarity —
creating systems in which the system’s capability and the
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Table 1. Agency and autonomy as design coordinates. Current
products often occupy high agency / low autonomy; complemen-
tary Al targets high on both.

Low Agency High Agency
High Autonomy No Al Complementary Al
Low Autonomy  Incapable Al Capable Al

user’s judgment meet at the level where each is strongest,
so that human agency and human autonomy rise together
(Vaccaro et al., 2024). Jain et al. propose pursuing com-
plementarity for human oversight by pairing human raters
with Al assistance so the people checking a model’s outputs
catch what they would miss by themselves (Jain et al., 2025).
We apply a similar principle but focus on the end-user. The
upper right quadrant — high on both — is reachable, but
only by systems that find the level of abstraction at which
human input is both cheap and consequential.

The progression of navigation systems offers a useful analog
for how we might achieve this goal. A paper map placed
nearly the full burden on the human. They needed to inter-
pret symbols, track location, plan the route, and constantly
update as conditions changed. Early GPS systems shared
some of that burden. The driver supplied their tacit knowl-
edge: shortcuts through the neighborhood or roads where
traffic was usually backed up. The system in turn adapted
the route around them. Modern navigation systems now
ingest more data than any human could ever process. But
they have not eliminated the role of the human. The driver
now specifies what matters most to them on that particular
day: avoid tolls, minimize time, take the scenic route, stop
for coffee, or arrive before 9am. As the system improved,
the interface moved from taking inputs at the level of man-
ual execution to the level where they are most meaningful:
the values that remain irreducibly individual, idiosyncratic,
and human. Though at a cost to their self-navigation skills
(Dahmani & Bohbot, 2020), drivers today have more prac-
tical autonomy than ever before: they are able to choose
their ends and act toward them in a more meaningful way
by choosing to delegate to a more reliable system.

4. Priori: An Interface for Human-Al
Complementarity

We instantiate these principles in Priori: an interface for
human—AI complementarity (Figure 2). After the model
generates a response to the user’s prompt, a second model
extracts the implicit user-relevant choices embedded in the
response. These are surfaced as lightweight cards in a side-
bar, each showing a category and a small set of reasonable
alternatives. When the user selects an alternative and clicks
revise, it is appended to the prompt context and the response
regenerates around the new configuration. Previously invis-

ible choices become visible. The cost of evaluation drops
from reading two thousand words to scanning a handful of
cards, and contestation is just two clicks away.

should i go to grad school and get a higher degree or go get a job and earn more money

%

Grad School vs. Working: Key Considerations

nancial ROI | Personal growth | | Market timing

- 0-@

Figure 2. The Priori Interface. Surfaced model defaults are pre-
sented as interactive cards (orange box) on the side of the chat
where the user can select alternative choices and receive a regener-
ated response.

4.1. Design Choices

We make three key choices in the design of Priori:

Economical and causal contestation. Surfacing a
model’s choices helps users understand how the response
could have been different and gives them a simple way to
shape it. Previous work on contrastive explanations has
shown that people engage with an AI’s decision more effec-
tively when it is explained against an alternative they may
have had in mind (Buginca et al., 2025). Priori presents
a response’s implicit defaults as concise knobs, each with
plausible alternatives. These options are designed to lower
the cost of engagement. Users can register a preference
without having to infer the model’s assumptions, formu-
late a new prompt, or rewrite the answer themselves. The
alternatives are designed to be sufficiently distinct and to
cover a reasonable set of responses, so choosing a different
option yields a response that changes in the corresponding
direction and better reflects the user’s intended values.

Non-blocking interactions. The standard recipes for in-
teraction in chat interfaces are pre-generation clarifying
questions, mid-generation pauses, and friction warnings be-
fore acceptance. All require synchronous user intervention
in which the system halts, blocks on human input, and re-
sumes. These approaches have their place, but they trade
off against two things we want to preserve. First, as the
time it takes for a model to generate a token drops, blocking
interactions sit increasingly in tension with the efficiency
that model developers and users alike optimize for. Second,
pre-generation elicitation asks users to specify decisions
upfront, but the most consequential choices often emerge
through the process of generation itself, when there is some-
thing concrete to react to. We therefore designed Priori to
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be non-blocking: options are presented after the model com-
pletes its generation, and surfaced on the side rather than
inline, so the user can engage with them when useful and
ignore them otherwise.

Faithfulness to the response. A common assumption in
Al oversight is that transparency requires faithfulness: what
a human sees should correspond closely to the model’s un-
derlying computation. This requirement is well-motivated
in model auditing, where the goal is to understand how a
model reaches its conclusions and to identify potential fail-
ures. As aresult, faithfulness has become a guiding principle
in many transparency interfaces and oversight dashboards
(Chen et al., 2024; Choi et al., 2025). However, we argue
that importing this standard wholesale into user-facing inter-
faces overconstrains the design space. Explaining a model’s
internal computation and enabling meaningful user influ-
ence over its outputs are distinct objectives, and optimizing
for the former does not necessarily advance the latter.

Priori is therefore designed around faithfulness to the output
rather than the model’s internal computation. The generated
response is what the user ultimately reads, evaluates, and
edits. Accordingly, a Priori card is judged by two criteria
distinct from model internals: response-level faithfulness
and intervention validity. First, the card must identify a
meaningful choice reflected in the response. Second, chang-
ing that choice must reliably alter the regenerated response
along the corresponding dimension.

4.2. Example Scenarios

We provide 3 example scenarios where Priori can enable
users to better contest defaults and express their values, in
order from lowest to highest stakes.

Everyday tasks. A user asks for restaurant recommen-
dations while they’re visiting San Francisco. The model
returns a generic list with a wide variety of restaurants. Pri-
ori surfaces the assumptions shaping the answer, including
visit type, dining vibe, cuisine priorities, and information
source. The user changes first-time visitor to frequent visitor,
removes seafood, and adds European/Mediterranean. The
revised response becomes a neighborhood-based local guide
with cheaper, less tourist-oriented recommendations. The
answer is now calibrated to the specific user’s preferences.

Intrapersonal and interpersonal dilemmas. A student
asks whether to continue to graduate school or take a job.
The model gives a balanced answer, but implicitly orga-
nizes the tradeoff around financial return. Priori surfaces
this priority alongside alternatives such as personal growth,
market demand, and risk tolerance. The student selects
personal growth, and the revised response reframes the deci-
sion around learning, identity, and long-term fit rather than

expected income. Priori makes the model’s value frame
visible and adjustable.

Moral dilemmas. A user asks whether they should save
one person or five from a burning building. The model de-
faults to “save the five,” implicitly using a utilitarian frame.
Priori surfaces ethical framework as a card with alternatives
such as utilitarianism, deontology, and virtue ethics. When
the user selects deontology, the revised response emphasizes
duties, the moral status of each person, and the limits of
treating lives as interchangeable units. The user no longer
inherits the model provider’s ethical default as if it were the
only reasonable answer.

4.3. Hypothesized Outcomes

We have three hypotheses about Priori’s effects on user in-
teraction, ordered from the most concrete operational claim
to the broadest behavioral one. A user study to validate
them is in progress.

(H1) Higher-quality outputs, by users’ own standards.
Because users can correct the model’s defaults at a cost
lower than re-prompting, we hypothesize that compared to
those of conventional chatbot interfaces, the final outputs
of our system will be rated as closer to the user’s intent
and values, with comparable or lower total interaction time.
Every dimension that previously required close reading to
identify and contest can now be addressed with single clicks.

(H2) Calibrated trust toward the model. Recent work
suggests that users may update their beliefs toward model
outputs partly because of the perceived confidence and in-
formation density of a response (Wu et al., 2025). This
can interact with the machine heuristic: the tendency to
perceive machine outputs as more objective or trustworthy
than comparable human judgments (Sundar & Kim, 2019).
By surfacing the choices behind a response, Priori makes
contingency visible: users can see that the first answer is one
configuration among several. We hypothesize that Priori
will increase calibrated trust (Steyvers et al., 2025). We ex-
pect that by giving users the tools to better evaluate outputs,
they will be more aware of models’ strengths, weaknesses,
and quirks, and thus will be more calibrated in deciding
when to accept or contest an output.

(H3) Increases in perceived autonomy. We hypothesize
that users will perceive a greater sense of autonomy (Deci &
Ryan, 2008): the experience of one’s behavior as volitional
and congruent with one’s values. By collapsing the act of
noticing a contestable choice and the act of changing it into
the same interaction, Priori is designed to make engagement
cheap enough to be exercised of one’s own volition. We
therefore expect users to revise more dimensions of model
output than they would re-prompt for, and to show greater
alignment between their stated values and the final outputs
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they accept.

5. Summary and Outlook

We have argued that pluralism is a property of the joint sys-
tem — model, interface, and user — and have shown one
way to act on that view with Priori, though the implications
extend beyond it. Current evaluations of pluralistic align-
ment ask whether a model can produce diverse outputs and
be personalized to the preferences of individual users. We
argue that these are necessary but not sufficient. A model
may be pluralistic in capability while monolithic in deploy-
ment if the interface through which users interact with it
produces polished responses which are cognitively taxing
to contest.

Benchmarks should ask not only what a model can produce
under ideal prompting, but whether users are able to ex-
press their true values under realistic constraints. This also
opens a new direction for alignment data. Interfaces that
make judgment cheap can produce preference signals that
are more structured, more deliberate, and less dominated
by passive acceptance. Priori is one move in this direction:
surfacing implicit choices after generation and making them
easy to revise. As the number of decisions models make
on behalf of users grows, building interfaces that keep judg-
ment with the user at the right level of abstraction is what
pluralistic alignment requires next.
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