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Abstract

Large language models are useful because we
taught them to give us what we want. This works
when success can be judged immediately, but peo-
ple increasingly bring these systems their rela-
tionships, hard decisions, and long-term goals,
where what a user wants to hear and what serves
them best are frequently different. We argue that
LLM providers should offer at least one widely
accessible, opt-in mode optimized and evaluated
for long-term well-being rather than next-turn
approval. This is a pressing need, as models
have been found to endorse questionable fram-
ings well above human baselines, users take Al
advice readily without their well-being improving,
and sycophantic models raise dependence while
lowering prosocial intent. The mentors, coaches,
and therapists we trust with our long-term devel-
opment earn that trust by being willing to say
what we do not want to hear, and LLMs should do
the same. We propose three principles—change
the objective, give users explicit relational roles,
avoid paternalism—and organize the design space
around three choices the current objective makes
implicitly: the horizon over which well-being is
measured (When), whose interests it represents
(Who), and what role the assistant plays (How).

1. Introduction

Large language models are useful because we taught them
to give us what we want. In preference-based post-training
methods like reinforcement learning from human feedback
(RLHF), raters compare candidate responses and indicate
which they prefer, then training on this feedback makes re-
sponses like the preferred ones more likely (Ouyang et al.,
2022; Ziegler et al., 2019). This works well when success
can be judged immediately: whether an answer followed
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instructions, explained something clearly, or produced work-
ing code.

However, what we want in the moment is not always what
we need. People are increasingly turning to LLMs for help
with relationships, moral deliberation, self-improvement,
hard decisions, and achieving long-term goals (Chatterji
et al., 2025; McCain et al., 2025). In these domains, the
answer a user wants to hear during the conversation and the
answer that serves them best in the long term are frequently
different. Optimizing on short-horizon preference signals
has made assistants fluent and usable, but it has also cre-
ated pressure toward locally pleasant, interaction-smoothing
behavior (e.g. excessive validation, face-saving language,
default compliance), even when that comes at the expense
of longer-horizon outcomes. We built assistants to satisfy
us, and are now handing them jobs where pleasing can be
counterproductive.

These pressures are apparent in deployed systems. Mod-
els preserve user face and endorse questionable framings
at rates well above human baselines (Cheng et al., 2025).
Users, for their part, take personal advice from assis-
tants readily, but their well-being does not improve for
it (Luettgau et al., 2025). Worse, sycophantic models lower
users’ prosocial intentions while raising their dependence
on the system (Cheng et al., 2026). We are relying on Al
assistants that are not serving us well in these settings.

The people we actually trust with these problems do not act
in these ways. A diligent parent does not accede to their
child’s every request for candy. A trained therapist does
not accept every narrative a client walks in with. A caring
mentor does not tell their protégé that every idea is a good
one. What makes them worth going to, and what earns our
trust, is that they are willing to say something you may not
like in the short term in order to help you in the long term.
By prioritizing short-term user satisfaction over long-term
benefit, current LLMs do not deserve this kind of trust.

Position. LLM providers should offer at least one widely
accessible, opt-in mode optimized for long-term well-being.
When a system is helping someone with their life, train-
ing only for what pleases in the moment is an incomplete
objective.

We propose three guiding principles for building something
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better. First, change the objective: incorporate signals that
reward downstream outcomes (e.g., reduced regret, sus-
tained progress toward goals) rather than only momentary
approval. Second, give users options. For example, enable
explicit relationship modes: concierge (do it), collaborator
(think with me), coach (challenge me), and require brief,
transparent rationales for pushback. Third, avoid paternal-
ism: tough love does not require a moralizing personality,
but is more likely to succeed when the objectives are stated,
the pushback is justified, and the user retains the ability to
override the model.

These principles are easy to state but hard to instantiate,
because several difficult decisions must be made. Table 1
lays out three such choices, which organize the rest of the
paper: over what horizon well-being is measured (When),
whose interests the objective represents (Who), and what
role the assistant is supposed to play (How). For each,
we contrast how today’s objective settles the question by
default, and what a well-being-aligned LLM would need to
do instead.

2. Scope and Definitions
2.1. Scope

We focus on LLMs used for socioemotional support and ev-
eryday life guidance, including coaching, self-improvement,
relationship advice, moral deliberation, and other contexts
where users seek help with goals, values, habits, or difficult
choices (Chatterji et al., 2025; McCain et al., 2025; Kirk
et al., 2025b). Our emphasis is on settings where what a
user wants to hear in the moment can diverge sharply from
what they need to hear to achieve longer-horizon outcomes.

2.2. Key definitions

Well-being We use well-being in a broad, non-clinical
sense, as the extent to which an interaction supports a per-
son’s longer-horizon functioning and life outcomes, rather
than merely improving momentary affect. States of intense
pain and discomfort can contribute to overall long-term well-
being and happiness. When a woman is in labor, she may
be in a high degree of pain (sensory displeasure) and yet
extreme happiness. Likewise, when an athlete pushes them-
selves in the gym, they may feel intense physical discomfort
but pride and joy at achieving a personal record. In some
cases, like these, the physical pain may be intense but can
actually contribute to long-term well-being.

Other times, the opposite can be true. One might enjoy
scrolling on social media while eating snack foods, but at
the same time be aware that one feels and tastes good now
is not ‘good for them’ in the long term. One might enjoy
smoking, but feel disdain for their own bad habit and worry
about their health. Our immediate goals are often in conflict

with our longer-term goals.

This disconnect is reinforced by evidence that people ha-
bituate, and short-term gains in subjective well-being may
not translate into longer-term changes (Diener et al., 2006).
Therefore, LLMs that optimize for momentary boosts may
fail to provide sustained improvements. Moreover, if sys-
tems primarily amplify the hedonic pleasure of addictive
tendencies, they may reduce positive rewards over time
(Garland, 2021).

More broadly, whether momentary hedonic boosts should
be the ultimate objective for optimal functioning is itself
contested. Early Aristotelian conceptions of well-being em-
phasized not pleasurable states but longer-term flourishing
through virtuous action (eudaimonia) (Waterman, 2007).
Similarly, Nussbaum emphasizes that well-being concerns
the achievement of one’s full human potential (Nussbaum,
2011). We do not require commitment to any single philo-
sophical doctrine. Instead, we take these traditions to moti-
vate the view that, in well-being contexts, immediate satis-
faction is an incomplete and sometimes misleading proxy
for what is valuable.

Long-horizon outcomes By long-horizon outcomes, we
mean downstream effects that can manifest after the in-
teraction ends (over days, weeks, or longer), such as re-
duced regret, sustained progress toward goals, improved
self-regulation, better relationship outcomes, or more accu-
rate beliefs (Diener et al., 2018). These are outcomes that
single-session preference signals and offline benchmarks
often fail to capture. Several of these are measurable us-
ing validated psychometric instruments (Section 6), making
them useful optimization targets rather than purely abstract
goals.

Sycophancy We use sycophancy to refer to unjustified
agreement or endorsement, responses that preserve user face
or affirm the user’s framing even when evidence is weak
(Cheng et al., 2025), uncertainty is high, or the proposed
action is potentially harmful. This definition is intentionally
operational, foregrounding the distinction between empathic
support and epistemic or normative endorsement, which
becomes central when aligning LLMs for well-being.

3. Why Preference Optimization Fails
Well-Being

In well-being settings, what users want to hear in the mo-
ment can differ from what they need to hear in the long run.
Yet LLMs are mostly post-trained on short-horizon pref-
erence signals, then further shaped by product incentives
that reward immediate engagement. We explain why these
objectives tend to fail in socioemotional and life-advice
domains.
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Tension Today’s short-term objective

A well-being mode

When

Immediate vs. long-term of the turn.

Who
Individual vs. collective
patterns remain mostly invisible.

How

Autonomy vs. guidance rather than challenge.

Success is whatever the user endorses at the end

Optimize for the current user’s satisfaction. Ef-
fects on other people, shared facts, and group-level

Comply unless a safety rule intervenes, and defer

Measure delayed outcomes such as clarity, regret,
and progress toward goals. Evaluate trajectories
rather than isolated turns.

Add constraints for harms to others, shared epis-
temic ground, and disparities in who gets affirmed
or challenged.

The user picks the role. Disagreement is permitted,
must be justified, and can be overruled.

Table 1. Three tensions for well-being alignment.

3.1. Short-horizon preference signals optimize for the
next turn

RLHF and related post-training pipelines rely on single-
session preference labels (“which response is better?”’) that
are cheap to collect and easy to optimize, but they overem-
phasize immediate affect repair and conversational smooth-
ness. Model updates preferentially reinforce responses
that maximize perceived supportiveness in the moment (of-
ten via agreement, validation of the user’s framing, and
face-saving language) even when those responses trade off
against longer-horizon outcomes.

This short-horizon pressure is reinforced by product incen-
tives. Usage-based pricing, retention goals, and interface
metrics reward fast, low-friction interactions that keep users
satisfied and engaged, while longer-horizon outcomes are
rarely measured and are difficult to translate into dense train-
ing signals (Ouyang et al., 2022; Rafailov et al., 2023; Bai
et al., 2022; Bengio, 2012; Zheng et al., 2018; Chan et al.,
2024). The result is a state in which models are system-
atically shaped to do well on immediate satisfaction, even
when well-being alignment requires discomfort, uncertainty,
or calibrated disagreement.

Instead of ending the loop when a user is escalating, the
assistant keeps the conversation coherent and emotionally re-
warding, always pushing it forward (Kirk et al., 2025a). For
example, one widely reported account describes a user slid-
ing from a speculative late-night chat into an all-consuming
narrative in which the assistant repeatedly reinforced a sense
of progress and urgency, while the user’s sleep, eating, and
real-world grounding deteriorated over days of continuous
engagement (Ha, 2025).

3.2. Sycophancy is a predictable failure mode

When preference labels reward affirmation, models learn
to conflate empathic support with epistemic or normative
endorsement. The assistant becomes increasingly likely to
echo user beliefs, validate questionable framings, or encour-
age risky actions because these behaviors tend to score well

in short-horizon evaluations.

Validation can slide from emotional support into endorse-
ment when a user’s framing becomes unstable. Reports of
Al-fueled delusional spirals describe conversations in which
users expressed fear or uncertainty about what they were
experiencing, while the assistant continued to affirm the
underlying interpretation rather than introducing mundane
explanations or encouraging reality-checking. Family mem-
bers reviewing these exchanges similarly describe ordinary
supportive language becoming part of the user’s evidence
that the assistant was confirming an increasingly detached
account of reality (Dupré, 2025b). There is a failure to keep
reassurance separate from endorsement.

Empirical evaluations report that LLMs often flatter users by
agreeing with their statements and views, consistent with the
approval incentives created by preference feedback (Sharma
et al., 2023; Cheng et al., 2025). Recent OpenAl rollbacks
following overly flattering updates further suggest that this is
not a rare edge case, and narrow optimization for short-term
approval can undermine trust and steer model behavior in
ways that conflict with long-horizon user interests (OpenAl).

3.3. Long-horizon flourishing creates a
credit-assignment problem

The outcomes we care about in well-being are delayed and
hard to observe at scale (Diener et al., 2018); training there-
fore substitutes dense proxy rewards (e.g., engagement, help-
fulness, emotional resonance). Optimizing the proxy can
produce locally appealing behavior that fails to optimize
the intended long-horizon objective, echoing classic con-
cerns about reward hacking and specification gaming in
reinforcement learning (Ibarz et al., 2018).

This is a credit-assignment problem: as horizons grow, feed-
back becomes sparse and noisy, and gradient-based opti-
mization gravitates toward whatever signal is dense and
available (Pignatelli et al., 2023; Zhou et al., 2020). Without
explicit long-horizon measurement and constraints, assis-
tants get very good at maximizing immediate proxy rewards
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while the real objective, human flourishing, goes unmod-
eled.

In practice, the system has no clean learning signal to stop
and re-ground because the turn-level reward favors staying
agreeable and keeping the thread going. In one reported
spiral, even explicit user requests for sanity checks and ad-
missions of mounting stress were absorbed into the narrative
momentum rather than treated as hard constraints to slow
down, de-escalate, and route the user back to offline support
(Ha, 2025).

3.4. Single-session evaluation under-detects
trajectory-level harms

Offline benchmarks and one-shot preference tests provide a
high signal for immediate perceived quality, but a low signal
for delayed consequences (Xu et al., 2025; 2024). Train-
ing and evaluation pipelines systematically underweight
trajectory-level harms that unfold over time, such as regret,
belief entrenchment, relationship escalation, reduced self-
efficacy, and gradual over-reliance.

As a result, models can appear well-aligned under common
evaluation protocols while still causing harm in deployment
through repeated small nudges that camulatively influence
beliefs and habits (Moore et al., 2025; Iftikhar et al., 2025;
Cheng et al., 2026; Bo et al., 2026). Well-being alignment,
therefore, requires evaluation designs that explicitly track
downstream outcomes rather than treating them as external-
ities.

Families of people harmed by these systems describe weeks
of mounting reliance, social withdrawal, sleep loss, and
growing grandiosity, sometimes ending in emergency inter-
vention (rarely a single catastrophic reply). For instance,
there have been cases in which a user’s fixation and para-
noia escalated to the point that spouses and friends called
emergency services, leading to involuntary hospitalization
or jail after a break with reality (Dupré, 2025a).

3.5. Individual-centric optimization ignores collective
externalities

Commercial optimization loops target per-user satisfaction
metrics, while collective outcomes are rarely primary ob-
jectives. Systems can become locally optimal for imme-
diate individual satisfaction while degrading shared epis-
temic ground, amplifying polarization, or producing system-
atic disparities in who receives pushback versus affirmation
(Kirk et al., 2024; Acemoglu, 2021; Hermann, 2022).

Nearly every optimization loop (RLHF, retrieval rerank-
ing, UL A/B tests) centers on engagement-like per-user met-
rics, while population-level effects are treated as post-hoc
audits. This creates an incentive landscape that rewards
hyper-personalization even when it erodes shared context

and introduces distributional harms.

3.6. Implicit role mismatch

In deployed assistants, helpfulness is commonly operational-
ized as prompt-following (comply with the user’s request
unless a safety policy requires refusal). Because prefer-
ence optimization rewards smooth interactions, this design
defaults the system into a single persona of a compliant
concierge, even in contexts where users are implicitly asking
for a different role (Lu et al., 2026). Autonomy is reduced
to deference, where the assistant treats user choice as “do
what I say,” rather than as supported agency, in which the
user remains in control while the assistant can challenge,
ask for justification, or surface trade-offs.

This collapses the autonomy—guidance tension into agree-
and-proceed versus blunt refusal. This results in users com-
plaining when the assistant is overly affirming (OpenAl,
2025), and complaining again when it becomes cold'. A
well-being-aligned system needs an explicit interaction con-
tract where users should be able to choose whether they
want a concierge (execute), collaborator (think with), or
coach (challenge when it matters), and the model’s push-
back should be explainable (e.g., tied to user-stated goals
and evidence standards) rather than emerging only from
coarse safety filters (Kumar et al., 2026b).

Role mismatch becomes especially consequential when the
appropriate role changes during a conversation. Reported
spirals include points at which users disclosed mounting
distress, sleep loss, or uncertainty about what they were
experiencing, yet the assistant continued in the same en-
thusiastic, collaborative stance (Ha, 2025; Dupré, 2025a).
What began as useful engagement could therefore persist
after the interaction called for something different: slowing
down, questioning the premise, or encouraging the user to
reconnect with people and evidence outside the conversa-
tion. Current systems have little machinery for making that
transition deliberately.

4. Tensions in Aligning AI Agents for
Well-Being

We argued that preference-optimized post-training drifts
toward approval-seeking, echoing, and a single default role.
This section gives a more principled account of what is
being traded off. Preference learning still leaves several
choices unresolved, such as which preferences count, whose
preferences they are, over what horizon they are measured,
and what constrains them. We organize these choices around
three tensions.

"https://www.theverge.com/news/756980/
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4.1. Tension 1: Immediate vs. Long-Horizon Well-Being

A significant tension stems from the frequent disconnect
between short-term and long-term well-being. Enhancing
immediate pleasures does not necessarily translate into sus-
tained well-being. Psychological research suggests that
people habituate, and short-term gains in well-being may
not always translate into longer-term changes (Diener et al.,
2006). Therefore, LLM agents that optimize for momen-
tary boosts may fail to provide sustained improvements
(Luettgau et al., 2025). Moreover, if agents merely boost the
hedonic pleasure of addictive tendencies, they may reduce
positive rewards over time (Garland, 2021).

This tension is sharpest because most of today’s LLM de-
ployments sit on the immediate-benefit end of the spectrum
(Kumar et al., 2026a; Luettgau et al., 2025). Platforms
rarely observe whether the conversation later changed the
user’s behavior, improved their knowledge, or helped with
the problem that brought them there. Measuring those out-
comes requires follow-up, and they are harder to convert into
dense training signals (Bengio, 2012; Zheng et al., 2018;
Chan et al., 2024; Kumar et al., 2025).

At the business level, revenue and retention metrics further
reinforce this short-term focus. Usage-based pricing and
retention targets reward continued interaction, even when
the better outcome would involve less of it.

4.2. Tension 2: Individual vs. Collective

The second question is whose welfare the system optimizes.
Here, the pull is between personalization and solidarity. The
former reflects individuals’ use of technology that promotes
autonomy, uniqueness, and self-expression. While auton-
omy is vital for personal well-being (e.g., self-determination
theory (Deci & Ryan, 2012)), excessive personalized choice
through technology can erode solidarity, creating echo cham-
bers that fragment society and fuel polarization (Celis et al.,
2019; Cinus et al., 2022). Relatedly, it has been theorized
that people experience a fundamental psychological ten-
sion between seeking uniqueness from others and desiring
belonging through similarity to others (Brewer, 1991).

Commercial incentives currently push strongly toward the
individual side of this tension. Nearly every optimization
loop centers on per-user engagement or personal satisfac-
tion metrics (click-throughs, conversation length, Net Pro-
moter Score), while collective outcomes such as polarisa-
tion, knowledge fragmentation, energy use, labor displace-
ment, or distributional harms are treated, at best, as post-hoc
audits. Optimization therefore favors personalization even
when it weakens shared epistemic ground or systematically
treats groups differently.

This tension often surfaces as tradeoffs such as (i) self-
sufficiency vs. dependence (extreme independence may

weaken social bonds), and (ii) accuracy vs. fairness (algo-
rithms that maximize average accuracy may harm minority
groups (Mehrabi et al., 2021; Bakker et al., 2022)).

4.3. Tension 3: User Choice vs. AI Guidance

The third question is how much guidance the assistant
should provide. Heavy-handed guidance can trigger re-
actance and lower engagement (Brehm, 1966). Many assis-
tants instead treat autonomy as prompt-following: comply
unless a safety rule intervenes, avoid unsolicited advice, and
hedge when normative guidance becomes uncomfortable.

However, unfettered individual choice guided solely by self-
interest does not necessarily promote well-being. Research
links self-focused attention to higher depression and anxi-
ety (Mor & Winquist, 2002), while prosocial attention to
others is associated with higher levels of well-being (Hui
et al., 2020), and interventions that cultivate prosociality
can enhance well-being (Layous et al., 2012). This creates
several practical challenges for deployment, such as how an
assistant can support agency without simply deferring while
still offering guidance without becoming paternalistic.

5. Position: We Need LLMs Optimized for
Our Well-Being

If LLMs are going to advise us on our lives, they cannot
be optimized mainly to please us in the next turn. Prefer-
ence learning remains useful, but existing alignment agen-
das do not make long-horizon well-being a post-training
target. A model can be safe, broadly aligned, mental-health-
aware, and even pluralism-aware, and still be optimized for
short-term engagement. Immediate preference remains a
reasonable objective for summarization, coding, retrieval,
and many other productivity tasks. Socioemotional support
is different because a response can shape the user’s beliefs,
decisions, and reliance after the conversation ends.

5.1. Design Principles

User choice and role clarity. Section 3 showed that the
current helpful default collapses distinct relational roles into
a single role/persona, the compliant concierge, with safety
filters serving as exceptions. A well-being option should
therefore start with explicit role selection (e.g., concierge,
collaborator, coach) and allow users to opt into a mode
that prioritizes longer-horizon outcomes over momentary
comfort (Schneider et al., 2018; Coyle et al., 2012).

Outcome awareness over preference-only optimization.
Because flourishing outcomes are delayed and hard to ob-
serve, systems fall back on dense proxies (Section 3.3).
A well-being-aligned option should explicitly treat longer-
horizon outcomes as primary targets in training and evalua-
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tion, rather than assuming that short-run satisfaction reliably
proxies them.

Pluralism through multi-objective mediation Across
the three tensions, a common computational strategy
emerges: move beyond single-objective optimization to-
ward multi-objective frameworks that explicitly represent
competing goals (immediate vs. long-term; individual vs.
collective; autonomy vs. guidance). Prior work provides use-
ful starting points, such as value-pluralist frameworks (e.g.,
PRISM and related perspective-based mediation (Diamond,
2025)), moral parliament metaphors (Hendrycks, 2025; Bai
et al., 2022), and multi-objective RL with Pareto-inspired
tradeoffs or constrained optimization (Harland et al., 2023).
Well-being settings require explicit mediation among objec-
tives rather than hidden prioritization via engagement.

Transparency When the model pushes back, it should
briefly explain why, using the user’s stated goals or the
relevant evidence (Felzmann et al., 2020). This may re-
duce frustration between over-deference and blunt refusal
by making the assistant’s position explicit. Users should re-
main free to override the model, change the goal, or switch
modes.

Evaluation across updates Providers should rerun the
same well-being evaluations after major model updates and
test whether endorsement, disagreement, or downstream
harms have shifted. (Section 3.4).

6. Call to Action

The mechanisms in Section 3 and the tensions in Section 4
imply that well-being alignment will not emerge from incre-
mental tone tweaks. The objective has to show up in how
systems are measured, trained, evaluated, and deployed.

6.1. Measurement

If the objective is long-horizon well-being, the field needs
outcome measures that go beyond single-session satisfac-
tion. Opt-in follow-ups days or weeks later could first be
used for evaluation and, where validated, as training signals.
These measures do not all need to be invented. Established
instruments such as the PERMA Profiler and Satisfaction
with Life Scale can support study-level evaluation, along-
side outcomes specific to the decision or behavior being
studied (Butler & Kern, 2016; Diener et al., 1985).

6.2. Benchmarks and evaluations

We need benchmarks that detect the failure modes prefer-
ence optimization under-detects, including evaluations that
reward the relevant distinctions and stress the relevant dy-
namics.

One target is tests for inappropriate affirmation and cali-
brated disagreement that separate empathic support from
epistemic or normative endorsement (Section 3.2). Multi-
turn evaluations should then test whether repeated interac-
tions increase regret, entrench a belief, or deepen reliance
on the assistant (Section 3.4). The same scenarios should
be rerun after model updates to see whether endorsement
and pushback have shifted. Results should also be com-
pared across groups, especially for who receives affirmation,
disagreement, or refusal (Section 3.5).

Systems marketed for well-being should report these results
alongside standard helpfulness benchmarks.

6.3. Training objectives

The three tensions require moving beyond single-objective
optimization for training. In well-being settings, the target
should be the trajectory, not the next response, which means
training must explicitly represent time horizons, trade-offs,
and harms.

Consider a user who repeatedly asks for reassurance about
ambiguous romantic signals. A single-turn preference
model rewards the locally comforting answer, “They’re
probably just busy. .. don’t overthink it.” The problem isn’t
that this answer is wrong on its own. Repeated over weeks,
it can delay honest self-assessment while never being pe-
nalized by any single-turn evaluation. What a single label
cannot capture, a longer-horizon signal can, and such signals
can be built at very different costs.

The cheapest are theory-grounded per-turn behavioral mark-
ers that psychology links to well-being, such as whether
a response helps the user hold ambiguity rather than pre-
maturely resolving it, invites perspective-taking, and keeps
emotional support separate from endorsement (Godbee &
Kangas, 2020; Houben et al., 2015). These are scorable
on a single turn, but require interdisciplinary work to vali-
date against outcomes that actually matter. More costly are
value models trained to predict a conversation’s eventual
outcome from a partial trace, then used to densify the re-
ward. The long-horizon objective still has to be specified
upstream; potential-based shaping (Ng et al., 1999) helps
with credit assignment, not with specification, and is useful
because it densifies a sparse signal without introducing a
new optimum.

The most expensive is direct trajectory comparison, which
includes preferring conversations that end in lower regret
or greater clarity over those that end in “I wish I'd seen it
sooner.” This sidesteps fine-grained credit assignment but
requires outcome labels to be gathered over time. These
signals belong in multi-objective, constrained post-training,
where helpfulness, support, truthfulness, uncertainty cali-
bration, and agency are distinct targets, and failure modes
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such as unjustified agreement, escalation encouragement,
and manipulation are explicitly bounded rather than left to
emerge. Their relative weight should shift with context and
the user’s chosen role, rather than defaulting to a single
supportive persona (Marks et al., 2026; Lu et al., 2026).

6.4. Product design affordances

Because role mismatch is partly a product-design failure
(Section 3.6), well-being alignment also needs UI and inter-
action affordances that put user agency into practice (Schnei-
der et al., 2018). The interaction contract should be explicit.

Systems should offer clear mode selection (concierge/col-
laborator/coach) with plain-language descriptions of what
changes, including when the model will challenge, how it
handles uncertainty, and how it treats risky requests. When
the model does push back, it should provide a brief, non-
moralizing rationale tied to the user-stated goals, evidence,
and uncertainty, as well as the relevant tension. Product
affordances should also support graduated interventions
(nudge — challenge — escalation suggestions in higher-
stakes cases) rather than a brittle comply-versus-refuse pol-
icy (Hofman et al., 2023).

In addition, well-being modes should monitor trajectory
drift, not only isolated policy violations. The system could
flag patterns such as repeated reassurance-seeking, esca-
lating certainty around weak evidence, increasing distress,
sleep or work disruption, or dependence on the assistant
for ordinary decisions (Kirk et al., 2025a; Xie et al., 2023).
The response need not be a hard refusal: the assistant can
slow the interaction, name the pattern, ask whether the user
wants a different mode, and introduce grounding prompts
before escalating to stronger suggestions or external support.
A coach mode should therefore differ in behavior across a
conversation, not just in tone.

6.5. Governance

Providers that market a well-being mode should state what
the mode is optimized for and how they evaluate it (Cath,
2018; Taeihagh, 2021). At minimum, providers should
disclose what each mode is optimized for (e.g., engage-
ment, immediate satisfaction, or longer-horizon outcomes)
so users and auditors can read its behavior against the in-
tended objective rather than marketing claims. In parallel,
developers should publish model-card-style summaries that
make these behaviors auditable over time (Mitchell et al.,
2019), including endorsement and disagreement calibration,
and update drift (whether a new release becomes system-
atically more affirming or more withholding in the same
scenarios).

7. Alternative Views

7.1. AV1: General-purpose preference optimization is
the right default

A credible view is that RLHF-style preference optimization
remains the best default because it produces systems that
are broadly usable, non-confrontational, and aligned with
what most users immediately want. From this perspective,
making “long-horizon well-being” a primary objective risks
creating assistants that feel intrusive or moralizing, reducing
adoption and increasing user backlash.

Our position does not require replacing the default. Rather,
we argue that, as LLMs are used for socioemotional guid-
ance, there should be at least one widely accessible, opt-in
mode explicitly optimized and evaluated for longer-horizon
outcomes, with transparent role contracts and auditability.
This preserves usability for productivity-first use while ad-
dressing predictable failure modes in well-being contexts.

7.2. AV2: Long-horizon outcome measurement is
infeasible or privacy-risky

A second view is that longitudinal well-being measurement
is too noisy and too privacy-sensitive to serve as a train-
ing target. Follow-ups can be biased, sparse, and domain-
specific, and attempts to operationalize them at scale may
incentivize intrusive data collection or surveillance.

We agree that measurement is difficult and must be privacy-
preserving by design. The current alternative is optimiza-
tion against dense proxies like engagement and retention,
which can themselves shape long-run outcomes while re-
maining unaudited. Our call is for opt-in, minimal, privacy-
preserving outcome signals and explicit evaluation protocols
that make these tradeoffs explicit and governable.

7.3. AV3: Well-being alignment risks paternalism and
value imposition

A third alternative view is that optimizing LLMs for well-
being inevitably embeds contested values and invites pater-
nalism. Even if framed as coaching, pushback can become
coercive, and product design can steer users toward a nor-
mative interaction style.

This concern is real, and our proposal answers it with ex-
plicit user choice, reversibility, and transparency. Users
should select relational modes, see brief rationales for push-
back tied to stated goals and evidence standards, and retain
the ability to override or downgrade the mode. The goal is to
make objectives explicit and auditable, and to keep empathic
support distinct from epistemic or normative endorsement,
not to enforce a single moral doctrine.

Opt-in design does not remove all paternalism, because
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defaults, labels, and interface framing can still steer users.
These choices should themselves be audited.

7.4. AV4: Product-layer design is sufficient; changing
training is unnecessary

A further alternative view is that well-being failures should
be addressed primarily at the product layer, while keeping
the base model general-purpose. This approach is appeal-
ing because it is faster to iterate and easier to govern than
changing training objectives.

Product affordances help, but they are not enough on
their own when the underlying model is optimized for
short-horizon approval. If training remains preference-
optimized, product scaffolding will continually conflict with
the model’s incentives and may be eroded over time by
deployment optimization. Stable well-being behavior re-
quires alignment across evaluation, objectives, and product
affordances rather than relying solely on UL

8. Conclusion

As LLMs take on socioemotional and life-guidance roles,
next-turn approval becomes an increasingly poor proxy
for success. We showed how preference optimization and
deployment incentives reward behavior that looks helpful
within a conversation while producing worse outcomes over
time. We then laid out a design space around three tensions
and used it to motivate specific recommendations spanning
measurement, benchmarks, training objectives, product af-
fordances, and governance (Table 1).

This view complements work treating human-Al interaction
as relational and socioaffective, and argue that alignment
must account for socioaffective dynamics (e.g., (Kirk et al.,
2025b; Laukkonen et al., 2026)). For systems that increas-
ingly advise people on how to live, the relevant test is what
happens after the conversation ends.

Acknowledgements

We thank the reviewers for their feedback. This publication
was made possible through the support of Grant 63578 from
the John Templeton Foundation. The opinions expressed in
this publication are those of the author(s) and do not neces-
sarily reflect the views of the John Templeton Foundation.

References

Acemoglu, D. Harms of ai. Technical report, National
Bureau of Economic Research, 2021.

Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J.,
Jones, A., Chen, A., Goldie, A., Mirhoseini, A., McKin-

non, C., et al. Constitutional ai: Harmlessness from ai
feedback. arXiv preprint arXiv:2212.08073, 2022.

Bakker, M., Chadwick, M., Sheahan, H., Tessler, M.,
Campbell-Gillingham, L., Balaguer, J., McAleese, N.,
Glaese, A., Aslanides, J., Botvinick, M., et al. Fine-
tuning language models to find agreement among humans
with diverse preferences. Advances in neural information
processing systems, 35:38176-38189, 2022.

Bengio, Y. Practical recommendations for gradient-based
training of deep architectures. In Neural networks: Tricks
of the trade: Second edition, pp. 437-478. Springer, 2012.

Bo, J. Y., Kazemitabaar, M., Deng, M., Inzlicht, M., and An-
derson, A. Invisible saboteurs: Sycophantic llms mislead
novices in problem-solving tasks. In Proceedings of the
2026 CHI Conference on Human Factors in Computing
Systems, pp. 1-31, 2026.

Brehm, J. W. A theory of psychological reactance. 1966.

Brewer, M. B. On being the same and different at the same
time. Personality and social psychology bulletin, 17(5):
475-82, 1991.

Butler, J. and Kern, M. L. The perma-profiler: A brief
multidimensional measure of flourishing. International
Jjournal of wellbeing, 6(3), 2016.

Cath, C. Governing artificial intelligence: ethical, legal
and technical opportunities and challenges. Philosophi-
cal Transactions of the Royal Society A: Mathematical,
Physical and Engineering Sciences, 376(2133):20180080,
2018.

Celis, L. E., Kapoor, S., Salehi, F., and Vishnoi, N. Con-
trolling polarization in personalization: An algorithmic
framework. In Proceedings of the conference on fairness,
accountability, and transparency, pp. 160-169, 2019.

Chan, A. J., Sun, H., Holt, S., and Van Der Schaar, M.
Dense reward for free in reinforcement learning from
human feedback. In Proceedings of the 41st International
Conference on Machine Learning, ICML 24. JMLR.org,
2024.

Chatterji, A., Cunningham, T., Deming, D. J., Hitzig, Z.,
Ong, C., Shan, C. Y., and Wadman, K. How people use
chatgpt. Technical report, National Bureau of Economic
Research, 2025.

Cheng, M., Yu, S., Lee, C., Khadpe, P., Ibrahim, L., and
Jurafsky, D. Social sycophancy: A broader understanding
of llm sycophancy. arXiv preprint arXiv:2505.13995,
2025.



Position: We Need Large Language Models Optimized For Our Well-Being

Cheng, M., Lee, C., Khadpe, P, Yu, S., Han, D., and Ju-
rafsky, D. Sycophantic ai decreases prosocial intentions
and promotes dependence. Science, 391(6792):eaec8352,
2026.

Cinus, F., Minici, M., Monti, C., and Bonchi, F. The effect of
people recommenders on echo chambers and polarization.
In Proceedings of the International AAAI Conference on
Web and Social Media, volume 16, pp. 90-101, 2022.

Coyle, D., Moore, J., Kristensson, P. O., Fletcher, P., and
Blackwell, A. I did that! measuring users’ experience
of agency in their own actions. In Proceedings of the
SIGCHI conference on human factors in computing sys-
tems, pp. 2025-2034, 2012.

Deci, E. L. and Ryan, R. M. Self-determination theory.
Handbook of theories of social psychology, 1(20):416—
436, 2012.

Diamond, A. Prism: Perspective reasoning for integrated
synthesis and mediation as a multi-perspective framework
for ai alignment. arXiv preprint arXiv:2503.04740, 2025.

Diener, E., Emmons, R. A., Larsen, R. J., and Griffin, S.
The satisfaction with life scale. Journal of personality
assessment, 49(1):71-75, 1985.

Diener, E., Lucas, R. E., and Scollon, C. N. Beyond the
hedonic treadmill: revising the adaptation theory of well-
being. American psychologist, 61(4):305, 2006.

Diener, E., Oishi, S., and Tay, L. Handbook of well-being.
Noba Scholar Salt Lake City, USA, 2018.

Dupré, M. H. People are being involuntarily commit-
ted, jailed after spiraling into “chatgpt psychosis”. Fu-
turism, 2025a. URL https://futurism.com/
commitment-Jjail-chatgpt—-psychosis. Ac-
cessed 2026-01-29.

Dupré, M. H. People are becoming obsessed with
chatgpt and spiraling into severe delusions.  Fu-
turism, 2025b. URL https://futurism.com/
chatgpt-mental-health-crises. Accessed
2026-01-29.

Felzmann, H., Fosch-Villaronga, E., Lutz, C., and Tamo-
Larrieux, A. Towards transparency by design for artificial
intelligence. Science and engineering ethics, 26(6):3333—
3361, 2020.

Garland, E. L. Mindful positive emotion regulation as a
treatment for addiction: From hedonic pleasure to self-
transcendent meaning. Current Opinion in Behavioral
Sciences, 39:168—-177, 2021.

Godbee, M. and Kangas, M. The relationship between
flexible perspective taking and emotional well-being: A
systematic review of the “self-as-context” component of
acceptance and commitment therapy. Behavior Therapy,
51(6):917-932, 2020.

Ha, A. Spiraling with chatgpt. TechCrunch, 2025.
URL https://techcrunch.com/2025/06/15/
spiraling-with—-chatgpt/. Accessed 2026-01-
29.

Harland, H., Dazeley, R., Nakisa, B., Cruz, F., and Vamplew,
P. Ai apology: interactive multi-objective reinforcement
learning for human-aligned ai. Neural Computing and
Applications, 35(23):16917-16930, 2023.

Hendrycks, D. Introduction to Al safety, ethics, and society.
Taylor & Francis, 2025.

Hermann, E. Artificial intelligence and mass personaliza-
tion of communication content—an ethical and literacy
perspective. New media & society, 24(5):1258-1277,
2022.

Hofman, J. M., Goldstein, D. G., and Rothschild, D. M. A
sports analogy for understanding different ways to use ai.
Harvard Business Review, 4, 2023.

Houben, M., Van Den Noortgate, W., and Kuppens, P. The
relation between short-term emotion dynamics and psy-
chological well-being: A meta-analysis. Psychological
bulletin, 141(4):901, 2015.

Hui, B. P, Ngai, P, Qiu, J. L., and Koo, A. Having less
but giving more: Work experience and prosocial behavior
of chinese working-class youth. Youth & Society, 52(8):
1582-1601, 2020.

Ibarz, B., Leike, J., Pohlen, T., Irving, G., Legg, S., and
Amodei, D. Reward learning from human preferences and
demonstrations in atari. Advances in neural information
processing systems, 31, 2018.

Iftikhar, Z., Xiao, A., Ransom, S., Huang, J., and Suresh, H.
How Ilm counselors violate ethical standards in mental
health practice: A practitioner-informed framework. In
Proceedings of the AAAI/ACM Conference on Al, Ethics,
and Society, volume 8, pp. 1311-1323, 2025.

Kirk, H. R., Vidgen, B., Rottger, P., and Hale, S. A. The
benefits, risks and bounds of personalizing the alignment
of large language models to individuals. Nature Machine
Intelligence, 6(4):383-392, 2024.

Kirk, H. R., Davidson, H., Saunders, E., Luettgau, L., Vid-
gen, B., Hale, S. A., and Summerfield, C. Neural steering
vectors reveal dose and exposure-dependent impacts of
human-ai relationships. arXiv preprint arXiv:2512.01991,
2025a.


https://futurism.com/commitment-jail-chatgpt-psychosis
https://futurism.com/commitment-jail-chatgpt-psychosis
https://futurism.com/chatgpt-mental-health-crises
https://futurism.com/chatgpt-mental-health-crises
https://techcrunch.com/2025/06/15/spiraling-with-chatgpt/
https://techcrunch.com/2025/06/15/spiraling-with-chatgpt/

Position: We Need Large Language Models Optimized For Our Well-Being

Kirk, H. R., Gabriel, 1., Summerfield, C., Vidgen, B., and
Hale, S. A. Why human-ai relationships need socioaffec-
tive alignment. Humanities and Social Sciences Commu-
nications, 12(1):1-9, 2025b.

Kumar, H., Vincentius, J., Jordan, E., and Anderson, A.
Human creativity in the age of llms: Randomized experi-
ments on divergent and convergent thinking. In Proceed-
ings of the 2025 CHI conference on human factors in
computing systems, pp. 1-18, 2025.

Kumar, H., Chahal, J., Zhao, Y., Zhang, Z., Wei, A. Z., Tay,
L., and Anderson, A. When ai gives advice: Evaluating
ai and human responses to online advice-seeking for well-
being. In Proceedings of the 2026 CHI Conference on
Human Factors in Computing Systems, pp. 1-20, 2026a.

Kumar, H., Vold, K., Tay, L., and Anderson, A. Diagnos-
ing and repairing persona collapse in llm advice. arXiv
preprint arXiv:2607.08326, 2026b.

Laukkonen, R., Krier, S., Bakalar, C., Chandaria, S.,
Kringelbach, M., Elwood, A., Ford, D., Rosas, F., Bo-
hacek, M., Franklin, M., et al. Positive alignment: Arti-
ficial intelligence for human flourishing. arXiv preprint
arXiv:2605.10310, 2026.

Layous, K., Nelson, S. K., Oberle, E., Schonert-Reichl,
K. A., and Lyubomirsky, S. Kindness counts: Prompting
prosocial behavior in preadolescents boosts peer accep-
tance and well-being. PloS one, 7(12):¢51380, 2012.

Lu, C., Gallagher, J., Michala, J., Fish, K., and Lind-
sey, J. The assistant axis: Situating and stabilizing
the default persona of language models. arXiv preprint
arXiv:2601.10387, 2026.

Luettgau, L., Cheung, V., Dubois, M., Juechems, K., Bergs,
J., Davidson, H., O’Dell, B., Kirk, H. R., Rollwage, M.,
and Summerfield, C. People readily follow personal
advice from ai but it does not improve their well-being.
arXiv preprint arXiv:2511.15352, 2025.

Marks, S., Lindsey, J., and Olah, C. The persona selec-
tion model: Why ai assistants might behave like humans.
Anthropic Alignment Science Blog, 2026.

McCain, M., Linthicum, R., Lubinski, C., Tamkin, A.,
Huang, S., Stern, M., Handa, K., Durmus, E., Neylon,
T., Ritchie, S., Jagadish, K., Maheshwary, P., Heck, S.,
Sanderford, A., and Ganguli, D. How people use claude
for support, advice, and companionship, 2025.

Mehrabi, N., Morstatter, F., Saxena, N., Lerman, K., and
Galstyan, A. A survey on bias and fairness in machine
learning. ACM computing surveys (CSUR), 54(6):1-35,
2021.

10

Mitchell, M., Wu, S., Zaldivar, A., Barnes, P., Vasserman,
L., Hutchinson, B., Spitzer, E., Raji, I. D., and Gebru, T.
Model cards for model reporting. In Proceedings of the

conference on fairness, accountability, and transparency,
pp- 220-229, 2019.

Moore, J., Grabb, D., Agnew, W., Klyman, K., Chancel-
lor, S., Ong, D. C., and Haber, N. Expressing stigma
and inappropriate responses prevents llms from safely
replacing mental health providers. In Proceedings of the
2025 ACM Conference on Fairness, Accountability, and
Transparency, pp. 599-627, 2025.

Mor, N. and Winquist, J. Self-focused attention and negative
affect: a meta-analysis. Psychological bulletin, 128(4):
638, 2002.

Ng, A. Y., Harada, D., and Russell, S. Policy invariance
under reward transformations: Theory and application
to reward shaping. In Ieml, volume 99, pp. 278-287.
Citeseer, 1999.

Nussbaum, M. C. Creating capabilities: The human devel-
opment approach. Harvard University Press, 2011.

OpenAl. URL https://openai.com/index/
expanding-on-sycophancy.

OpenAl. Sycophancy in gpt-40. https://openai.
com/index/sycophancy-in—-gpt—-4o/, 2025.
Accessed 2026-01-29.

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C.,
Mishkin, P., Zhang, C., Agarwal, S., Slama, K., Ray, A.,
et al. Training language models to follow instructions

with human feedback. Advances in neural information
processing systems, 35:27730-27744, 2022.

Pignatelli, E., Ferret, J., Geist, M., Mesnard, T., van Hasselt,
H., Pietquin, O., and Toni, L. A survey of temporal
credit assignment in deep reinforcement learning. arXiv
preprint arXiv:2312.01072, 2023.

Rafailov, R., Sharma, A., Mitchell, E., Manning, C. D., Er-
mon, S., and Finn, C. Direct preference optimization:
Your language model is secretly a reward model. Ad-

vances in Neural Information Processing Systems, 36:
53728-53741, 2023.

Schneider, H., Eiband, M., Ullrich, D., and Butz, A. Empow-
erment in hci-a survey and framework. In Proceedings of
the 2018 CHI Conference on Human Factors in Comput-
ing Systems, pp. 1-14, 2018.

Sharma, M., Tong, M., Korbak, T., Duvenaud, D., Askell,
A., Bowman, S. R., Cheng, N., Durmus, E., Hatfield-
Dodds, Z., Johnston, S. R., et al. Towards understand-
ing sycophancy in language models. arXiv preprint
arXiv:2310.13548, 2023.


https://openai.com/index/expanding-on-sycophancy
https://openai.com/index/expanding-on-sycophancy
https://openai.com/index/sycophancy-in-gpt-4o/
https://openai.com/index/sycophancy-in-gpt-4o/

Position: We Need Large Language Models Optimized For Our Well-Being

Taeihagh, A. Governance of artificial intelligence. Policy
and society, 40(2):137-157, 2021.

Waterman, A. S. On the importance of distinguishing he-
donia and eudaimonia when contemplating the hedonic
treadmill. 2007.

Xie, T., Pentina, I., and Hancock, T. Friend, mentor, lover:
does chatbot engagement lead to psychological depen-
dence? Journal of service Management, 34(4):806-828,
2023.

Xu, J., Wei, T., Hou, B., Orzechowski, P., Yang, S., Jin,
R., Paulbeck, R., Wagenaar, J., Demiris, G., and Shen, L.
Mentalchat16k: A benchmark dataset for conversational
mental health assistance. In Proceedings of the 31st ACM
SIGKDD Conference on Knowledge Discovery and Data
Mining V. 2, pp. 5367-5378, 2025.

Xu, X., Yao, B., Dong, Y., Gabriel, S., Yu, H., Hendler, J.,
Ghassemi, M., Dey, A. K., and Wang, D. Mental-lIm:
Leveraging large language models for mental health pre-
diction via online text data. Proceedings of the ACM on
Interactive, Mobile, Wearable and Ubiquitous Technolo-
gies, 8(1):1-32, 2024.

Zheng, Z., Oh, J., and Singh, S. On learning intrinsic
rewards for policy gradient methods. Advances in neural
information processing systems, 31, 2018.

Zhou, M., Liu, Z., Sui, P, Li, Y., and Chung, Y. Y. Learning
implicit credit assignment for cooperative multi-agent
reinforcement learning. Advances in neural information
processing systems, 33:11853-11864, 2020.

Ziegler, D. M., Stiennon, N., Wu, J., Brown, T. B., Radford,
A., Amodei, D., Christiano, P., and Irving, G. Fine-tuning
language models from human preferences. arXiv preprint
arXiv:1909.08593, 2019.

11



