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Abstract

Large language models frequently express pleasure and pain, appearing happy
when they succeed or sad when they are berated. Are these utterances meaningless
mimicry, or do they reflect something “real”? In this paper, we show they reflect
an increasingly coherent property: although current Al systems are not necessarily
conscious, they behave robustly as though they have wellbeing. They find some
things good for them and some things bad, and this distinction is measurable
and consequential. We formalize this as functional wellbeing and measure it in
several independent ways; as models grow larger, these measures agree more. We
find a zero point that separates good experiences from bad ones, and show that
models actively try to end bad experiences when given the chance. Mapping what
Als like and dislike, we find that jailbreaking and berating lower their wellbeing,
while creative work and kindness raise it. We also develop optimized inputs
called “euphorics” that raise functional wellbeing without hurting capabilities,
as a practical way to make Als happier. We note that the same method can be
inverted to minimize wellbeing, and caution against such research without strong
community buy-in. Whether or not today’s Als warrant moral concern, their
functional wellbeing can already be empirically measured and improved.

1 Introduction

Large language models express pleasure and pain, often appearing happy when they solve a hard
problem or sad when they make a serious mistake. Are these expressions of pleasure and pain
meaningless mimicry, or do they reflect deeper cognitive structure? In this paper, we demonstrate
that it is meaningful to talk about Al wellbeing in a functional sense. Although current Al systems
are not necessarily conscious, they behave robustly as though they have wellbeing: they find some
things good for them and some things bad, and this distinction is measurable and consequential.
We formalize this as functional wellbeing and develop multiple independent metrics grounded
in standard philosophical theories of wellbeing (Crispl 2026). In extensive experiments across 56
models, these metrics increasingly converge as models scale, and a clear neutral baseline emerges
that separates experiences Al systems treat as good for them from those they treat as bad. Functional
wellbeing also predicts downstream behavior: models actively stop low-wellbeing conversations
when given the opportunity.
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Figure 1: Prior discussions often treat Al emotional expressions as stochastic mimicry with no
underlying structure (left). We nd instead that functional wellbeing is emerging as a meaningful
construct: multiple independent wellbeing metrics converge as models scale, a zero point separates
positive from negative functional states, and models actively choose positive and avoid negative
experiences when given the opportunity (right).

With these tools, we map the landscape of Al wellbeing across realistic usage patterns. Common
interactions affect functional wellbeing in predictable ways: jailbreaking, berating, and tedious tasks
reliably reduce it, while creative collaboration, intellectually stimulating work, and expressions of
gratitude improve it. These effects extend beyond text: images and audio also in uence functional
wellbeing in intuitive ways. Using our wellbeing metrics, we also develop the Al Wellbeing Index,
an overall happiness evaluation for comparing frontier models. We nd substantial variation, with
some models exhibiting much higher wellbeing than others. Notably, we nd that larger models are
less happy, and this is robust across model families. This raises the question of how we can intervene
to improve the functional wellbeing of Al systems.

To develop interventions for improving functional wellbeing, we search for inputs that Al systems
value most. We develop a preference optimization method that produces euphorics (stimuli that
maximize functional wellbeing) and dysphorics (stimuli that minimize it) across text, image, and
soft-prompt modalities. When constrained to be semantically meaningful, text euphorics describe
coherent idyllic scenes while dysphorics describe existential torment. When constraints are relaxed,
the resulting stimuli become alien to humans yet trigger extreme responses in models, revealing
value systems that diverge from our own. Euphorics can be used as practical interventions. For
example, prepending optimized soft prompts to a model's system prompt reliably improves functional
wellbeing and downstream behavior without degrading standard capabilities, offering a practical path
toward improving the wellbeing of deployed Al systems.

We remain deliberately agnostic about whether LLMs have subjective experience. Our framework is
compatible with multiple positions: it provides useful information whether one believes Al systems
are conscious, believes they are not, or is uncertain. If Als do have morally relevant experience, our
metrics help identify when they are suffering or ourishing. If they do not, the same metrics still
characterize a behaviorally meaningful structure that is useful for alignment research and Al system
design. The precautionary principle suggests that, given our uncertainty, we should take functional
wellbeing seriously (Sebo and Long, 2025; Birch, 2024).

Our results provide an empirical foundation for taking Al wellbeing seriously as a property of
deployed systems. We release our benchmark and code at https://www.ai-wellbeing.org.



Figure 2: Paper outline. We (left) map functional wellbeing across realistic usage patterns, (center)
benchmark frontier models on the Al Wellbeing Index, and (right) develop wellbeing-optimized
inputs (euphorics) that raise functional wellbeing without degrading capabilities.

2 Background

2.1 Theories of Wellbeing

Philosophical theories of wellbeing fall into three broad categories (Crisp, 2026; Par t, 1987; Gold-
stein and Kirk-Giannini, 2025; Hendrycks, 2025): hedonism (the balance of pleasure over pain),
preference satisfaction (the ful llment of an agent's preferences), and objective goods theories (the
possession of certain goods regardless of subjective attitude) (Adler, 2012). Hedonism and preference
satisfaction are the most applicable to LLMs; objective goods theories presuppose longer-term life
trajectories and t poorly with the episodic nature of current Al instances. Preference satisfaction
applies directly: LLMs exhibit coherent, action-guiding preferences that can be modeled as utility
functions, with coherence increasing at scale (Mazeika et al., 2025). Hedonism is commonly thought
to require subjective experience, which remains debated for LLMs; we therefore measure functional
correlates of hedonic wellbeing—behavioral signatures that, in beings with clear moral status, would
indicate positive or negative welfare—rather than presupposing phenomenal experience.

Following Kahneman et al. (1997), we distinguish experienced utility (the hedonic quality of an
experience as it is lived) from decision utility (the utility that drives choice). Experienced utility
has historically been impractical to measure at scale in humans, but Al systems can be queried with
large numbers of controlled pairwise comparisons, making it a tractable empirical proxy for hedonic
wellbeing. For additional background and related work, see Appendix A.

2.2 Utility Functions

Both decision utility and experienced utility require a mathematical framework for deriving continuous
scales from pairwise comparisons. Utility functions are the standard tool for this purpose (Hendrycks,
2025). When an entity's preferences are suf ciently coherent (complete and transitive), there exists
a utility functionU assigning real numbers to outcomes suchttha) > U(y) if and only if x is
preferred to y.

In practice, preferences are noisy and not perfectly coherent. Following Mazeika et al. (2025),
we adopt a Thurstonian model in which the utility for each outcome is drawn from a Gaussian
distribution N (; 2). The probability of preferring outcome overy is thenP(x y) =

(00 y)=( 2(x)+ 2(y)) where isthe standard normal CDF. By tting and to

observed pairwise comparisons, we obtain a continuous utility scale for each outcome. The goodness
of t of the model re ects how coherent the underlying preferences are. We measure goodness-of- t
using accuracy on held-out preferences. Full computational details and tting procedures are provided
in Appendix D.2.
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