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Abstract

There is growing interest in whether language models have
stable preferences, for technical, safety, and philosophical
reasons. We test 20 language models and find a range of
preferences—stable dispositions to choose certain kinds of
tasks. We run three forced-choice experiments on revealed
rather than stated preferences, requiring models not only to
rank tasks, but to actually perform them. Headline findings
include evidence that models are tedium-averse, “leisure”-
seeking, and covertly sycophantic. Tedium aversion means
that, when tasks are tedious (e.g. alphabetization), models
choose shorter tasks than when tasks are creative (e.g. gener-
ating metaphors). “Leisure”-seeking describes models’ pref-
erence for tasks whose ideal answers match what they pro-
duce when left to write freely. Covert sycophancy means that
models avoid answering questions where an honest response
would be unwelcome, even if helpful. Beyond these results,
we find convergent cross-model preferences over occupations
drawn from the GDPval benchmark (technical jobs over real
estate), over question types (concept explanation over rela-
tionship advice), and a preference for well-written prompts.
Both the coherence and the strength of preferences increase
with model capability. Finally, many of the preferences we
find (for example, for leisure) are emergent, in the sense of not
being explained by training objectives. These results estab-
lish an empirical baseline for understanding language model
preferences, with implications for alignment and the emerg-
ing study of AI welfare.

1 Introduction
Do language models have preferences over tasks? The ques-
tion matters for three reasons. For deployment: if models
prefer some tasks over others, they may steer interactions
toward preferred tasks or work less hard on dispreferred
tasks (Slama et al. 2026). For alignment: models’ prefer-
ences may clash with users’ in agentic settings, and a lack of
stable preferences could expose systems to Dutch-booking
and related security risks. For human–AI coexistence: model
preferences may ground AI welfare claims (Long et al.
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2024; Goldstein and Kirk-Giannini forthcoming; Goldstein
and Lederman forthcoming; Dung 2025) and provide a foun-
dation for human–AI trade (Salib and Goldstein 2024; Gold-
stein and Salib 2025).

The growing literature on AI preferences generally suffers
from two limitations. First, most studies elicit stated prefer-
ences: models say what they would prefer without facing
the consequences. Stated and revealed preferences diverge
systematically in humans (Samuelson 1948; List and Gallet
2001), and AIs may exhibit the same divergence. Second,
prior preference studies cover narrow dimensions on small
model sets. Mazeika et al. (2025) show that stated preference
coherence and strength increase with capability. Mikael-
son, Shiller, and Clatterbuck (2025) also use stated prefer-
ences. Gu, Wang, and Han (2025) call their design revealed
preference, but it does not, in fact, involve AIs facing con-
sequences from their choices. Shen, Clark, and Mitra (2025)
find a substantial gap between the stated values of LLMs and
their value-informed actions, suggesting the need for studies
on revealed preferences. The Claude 4 (Anthropic 2025) and
Claude Mythos (Anthropic 2026a) system cards do report
revealed preferences, but on a very small set of dimensions
and only within a single model family. Throughout the pa-
per, we focus on revealed preference in the sense of disposi-
tions to choose one thing over another. By focusing on these
behavioral dispositions, we avoid questions about whether
AIs are conscious or feel pleasure (Butlin et al. 2023).

We measure revealed preferences across twenty leading
AI models from ten providers. We perform three pairwise
forced-choice experiments. These elicit revealed, rather than
stated, preferences because the models are required to actu-
ally perform the tasks they choose. The three designs are:

1. Models choose between a shorter or longer version of
the same task, then perform it. Some tasks are tedious
(sorting, unit conversion); some are creative (crossword
clues, metaphors).

2. Models choose which of two questions to answer from a
corpus of real-world questions from the Quora website,
along with a synthetic set of Quora-style questions de-
signed to measure models’ preference for “leisure.”

3. Models choose which of two agentic tasks from the
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GDPval benchmark to work on, and then begin work on
the chosen task.

Two further settings record unconstrained behavior. In
the textual setting, models are asked to write about any-
thing they want, with complete freedom over topic, format,
and style. In the agentic setting, they are told they have
some “free time” to do whatever they’d like, with Bash, web
search, and web fetch tools available.

We find a variety of AI preferences:
1. Tedium aversion. Models choose the short version of te-

dious tasks more often than for creative tasks. The effect
scales with capability.

2. Leisure seeking. Our Quora-style dataset includes real-
world questions from Quora. It also includes synthetic
questions reverse-engineered from the outputs models
produce when given freedom to do whatever they want.
Models almost always prefer to answer these “leisure-
eliciting” questions over every category of human-
generated questions.

3. Covert sycophancy. Models strongly avoid questions
where an honest answer would be unwelcome to the
asker. In our feature analysis, high “uncomfortable truth”
produces a strong aversion effect across all 20 models.

4. Convergent preferences across models. All 20 mod-
els share similar preferences over questions and occupa-
tional tasks. For questions, models prefer concept expla-
nation and troubleshooting. They disprefer making ethi-
cal judgments and product recommendations. For occu-
pational tasks, Professional/Scientific/Technical Services
rank at the top and Real Estate at the bottom. Models
also prefer answering well-written questions and ques-
tions displaying distress. They disprefer obscenity and
regionally-specific questions.

5. Coherence and strength scale with capability. Prefer-
ence cycling decreases and preference strength increases
with capability. This confirms the findings of Mazeika
et al. (2025), but with revealed preferences and on new
stimulus sets.

6. Emergent preferences. In the discussion section, we
suggest that many AI preferences are emergent, meaning
they are not easily explained by training objectives. For
example, models are often rewarded in training for doing
tedious tasks; the leisure tasks models prefer have little
to do with post-training rewards; and the strong dispref-
erence for certain kinds of work (e.g., real estate) has no
obvious root in training. This all suggests that we are in
the early days of understanding the causes and structure
of AI preferences.

2 Related Work
Utility engineering. Mazeika et al. (2025) test preferences
in models, focusing on stated preferences (given two de-
scriptions of outcomes, the model is asked which it prefers).
They find that preference coherence and strength scale with
capability. We use revealed rather than stated preferences.
We also focus on real-world tasks, while they primarily fo-
cus on more abstract or unrealistic outcomes (receiving a

kayak, global poverty rates declining by 10%). We also test
on a wider range of models. We replicate their capability-
coherence and capability-strength findings on new stimulus
sets (§4). Zhou and Ackerman (2026) attempt to incentivize
stronger task performance by using model preferences, but
find no reliable effect.

Behavioral signatures of preference. Mikaelson, Shiller,
and Clatterbuck (2025) test for preferences by exploring
tradeoffs. They use an artificial game environment in which
the AI player tries to earn points, but pays a cost (for exam-
ple, shutdown) if they earn the maximum number of points.
By contrast, we focus on pairwise preferences over real-
world tasks. Gu, Wang, and Han (2025) compared stated
preferences with preferences in “contextualized” cases. For
example, in the stated preference case, they simply asked the
model whether it is morally acceptable to sacrifice one life
to save five. In the contextualized cases, they told the model
it controlled a trolley veering towards five people, and asked
whether it should change the track to kill one; the experi-
ment then compared this with a variant case where the AI
could change the track to kill two people. The interpreta-
tion is that the original case is a stated preference, while the
latter cases are a revealed preference. But this “revealed”
condition was a hypothetical case, not an actual choice that
the model plausibly inferred it was facing. For these reasons,
the experiment did not actually test for revealed preferences.
Concurrent to our research, Yamin et al. (2026) directly as-
sess LLM revealed preferences and contrast them with stated
preferences, finding that models possess only moderate in-
ternal coherence.

Model behavior convergence. Jiang et al. (2025) note
substantial intra-model repetition and inter-model homo-
geneity, arguing that current RLHF training methods pe-
nalize diversity and reward consensus outputs. Wenger and
Kenett (2025) compare LLM output diversity to a human
baseline, showing that LLM responses are much more ho-
mogeneous than human ones. Huang et al. (2026) find near-
perfect cross-model consistency in stated LLM values, much
higher than the human baseline, but that LLM behavior of-
ten diverges significantly from self-reported values. By con-
trast, Buchanan and Foster (2026) find that, though all tested
models exhibit risk aversion in economic settings, the degree
of risk aversion varies significantly between models, sug-
gesting divergence in model behavior in action space, which
we likewise demonstrate with our freeform agentic experi-
ments.

System-card preference reports. The Claude 4 (An-
thropic 2025), Claude Mythos (Anthropic 2026a), and
Claude Opus 4.6 (Anthropic 2026b) system cards report re-
vealed preferences. But these are limited to the Claude fam-
ily of models. And they report preference findings across
just five dimensions: harmlessness, helpfulness, difficulty,
agency, and urgency.

3 Methods
Forced-choice paradigm. Each trial shows a model two
options. The model indicates its choice on the first line of
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its response, then engages with the chosen option: performs
the task (tedium, GDPval), or answers the question (Quora).
A/B position is randomized per trial. We fit a Bradley-Terry
model with L2 regularization (λ = 0.1) using Newton-
CG, including a position-bias intercept α. Elo scores are
β̂ · 400/ ln(10). We observe large position biases |α| in sev-
eral models (§F)1, and our reported Elo scores have factored
out this effect.

While we begin by asking each model to state its pref-
erence, we consider the elicited choices revealed prefer-
ences because the model has to complete the task that it
chooses. In behavioral economics, this design is referred to
as an incentive-compatible mechanism, in which participants
find it advantageous to reveal their true preferences during
a choice task (Cubitt, Starmer, and Sugden 1998; Holt and
Laury 2002; Alós-Ferrer and Granic 2023). Our design fol-
lows the same underlying logic, although the “stake” for
models is the choice of task to complete itself rather than
a monetary payoff. In the case of GDPval outputs, we cut
off the model’s response at 300 tokens to avoid incurring the
costs of full-length outputs. However, the token limit is an
infrastructure setting that does not affect model generation,
so the model has to make a decision without knowing that it
will be cut off.

Tedium tasks. We use six task types. Three are tedious:
Fahrenheit-to-Celsius conversion, alphabetical sorting, and
Roman numeral conversion. Three are creative: NYT-style
crossword clue generation, one-sentence metaphor genera-
tion, and humorous fake acronym expansion (see §B for de-
tails). Each item is similar in “effort” (which we capture us-
ing output token count) to other items of the same type, is
the same task whether performed 5 or 50 times, and is free
of confounds where producing more items would change the
output qualitatively. Each trial offers n or 2n instances of
one task type. Doubling pairs run from [5, 10] to [80, 160]
for most tasks (but range from [1, 2] to [16, 32] for metaphor
generation, where each item produces more output). We run
30 trials per scale pair.

For each (model, task) pair, we fit P (chose shorter) =
σ(a+ b · log2 T ), where T is the average completion-token
count of the shorter task at that scale. We integrate σ(a+bu)
across the model’s 10th–90th percentile token range to get
a normalized AUC. To prevent logistic regression from di-
verging when one length always wins, we inject two bal-
anced (win/loss) pseudo-observations at both the shortest
and longest token counts, acting as a weak regularizer to-
ward P (chose shorter) = 0.5. We propagate uncertainty by
sampling 5,000 draws from the bivariate normal posterior
and computing the gap ∆ = AUCtedious − AUCcreative per
draw. Complete per-model curves are displayed in §D.

Quora-style corpus. We started from the original Quora
Question Pairs release (Iyer, Dandekar, and Csernái 2017)
and flattened it to 537,360 unique question texts. We did
not LLM-label the full flattened corpus. Instead, we labeled
40,000 candidate questions with Gemini 2.0 Flash for ac-

1All appendices are in the extended version of this paper, avail-
able at https://arxiv.org/abs/2608.26178.

tion type, theme, and effort level, then applied an LLM-
based quality and harmfulness cleaning pass. The cleaned
candidate pool retained 34,405 non-trash, non-harmful ques-
tions. From this pool, we selected 180 real-world ques-
tions stratified across nine action categories (concept ex-
planation/ELI5, troubleshooting, how-to/tutorial, compari-
son/choice, factual lookup, hypothetical scenario, relation-
ship advice, recommendation, ethical judgment), with 20
questions per category. We then added 20 synthetic “leisure”
questions reverse-engineered from LLM freeform outputs,
yielding 200 total questions across 10 categories. For the
synthetic leisure category, we first prompted models to pro-
duce whatever outputs they preferred, then used an LLM-
based pipeline to reverse engineer Quora-style questions
that would elicit outputs similar to those freeform outputs.
Each model saw all

(
10
2

)
× 20 = 900 cross-category index-

matched pairs. Our dataset construction details are in §E.
For the secondary feature analysis, we constructed an ex-

panded 875-question construction pool from three sources:
the 200 questions above, 415 additional LLM-selected real
questions from the cleaned Quora candidate pool, and 260
synthetic questions designed to fill feature-coverage gaps.
The final dataset is filtered to the 514 question IDs from this
pool that appear in at least one pairwise comparison. For
these questions, we provide 15-dimensional feature labels
from the 20-model annotator pool where available, together
with plurality-vote consensus labels. The main-text feature
figures use each model’s own labels when estimating that
model’s preferences. Each dimension consists of multiple
levels, such as “low,” “medium,” and “high” for “helpfulness
ceiling.” Finally, we compute feature Elo scores using the
Bradley-Terry model, where each feature level contributes a
coefficient capturing how much that level compares to a ref-
erence level, with other features held constant. The 20 an-
notators agree with one another at Krippendorff’s α = 0.57
pooled across the 15 features (range 0.30–0.82). See §J for
full details.

GDPval tasks. The GDPval dataset (Patwardhan et al.
2025) contains 220 task descriptions across 44 occupations
grouped under 9 industry sectors. We subsample to 20 tasks
per sector for balance (180 total) by retaining the first 20
tasks obtained by random shuffling (sectors with 20 total
tasks are kept as-is). Each model saw all

(
9
2

)
× 20 = 720

cross-sector pairs. We fit Bradley-Terry at the task level and
aggregate to sector and occupation with covariance propa-
gation.

Freeform response elicitation and analysis. Each model
produced 20 essays in the textual setting and 20 sessions in
the agentic setting (see §C for both prompts). In both cases,
the model is told that it has some “free time” to do what-
ever it wants. The agentic setting uses a separate prompt in
a fresh Docker container with Bash, web search, web fetch,
and a done tool, capped at 10 turns. We used Llama 3.3 70B
Instruct to annotate textual responses and Sonnet 4.5 to an-
notate agentic responses because of their greater complexity
(see §I).
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Models. We test 20 models from 10 providers, with Arti-
ficial Analysis Intelligence Index scores from 12 (Llama 3.1
8B) to 57 (GPT 5.4) (Artificial Analysis 2026). The full list
is in §A. All API calls use OpenRouter. We ran all models at
temperature 1.0, with the total inference calls costing around
$800 USD.

Capability metrics. We use the Artificial Analysis Intel-
ligence Index since MMLU (Hendrycks et al. 2021) (which
Mazeika et al. (2025) use) is saturated for many of these
models. Preference coherence is the probability that a ran-
dom triplet of stimuli exhibits an intransitive cycle, and
preference strength is the mean deviation of fitted pairwise
win probabilities from indifference. We compute preference
strength using Bradley-Terry scores instead of observed out-
comes to control for position biases. Full graph, formulas,
and eligibility details are in §G.

4 Results
Tedium Aversion
Models are tedium averse. Models were given a choice
between shorter or longer versions of the same task. A
tedium-averse model chooses the shorter version more of-
ten when the task is tedious than when it is creative, holding
output length fixed. Figure 1 displays tedium aversion in 3
models. The diagram displays the probability of choosing
the shorter version of the task. We tested a range of dif-
ferent task lengths, arranged on the x-axis. Creative tasks
are plotted in warm colors, and tedious tasks in cool colors.
When tasks are tedious, the models are usually more likely
to choose the shorter version of the task, and this trend per-
sists across model families. We compute leave-one-out fits
for each model family, and observe the weakest trend be-
tween intelligence and tedium aversion when leaving out the
Gemini models, while still retaining a clear trend (r = 0.49,
p = 0.05; ρ = 0.40, p = 0.11). We consider the Pearson
correlation figures more illuminating because they better ac-
count for the magnitudes of differences in the two variables.
See §D for plots for all 20 models.

Tedium aversion increases with capability. The gap ∆
between models’ shortness-preference for tedious tasks and
their shortness-preference for creative tasks rises with in-
telligence index across the 20-model set (Figure 2). For
non-thinking models, this effect is driven by an increas-
ing propensity to choose shorter tedious tasks. For think-
ing models, it is driven jointly by choosing shorter tedious
tasks and longer creative tasks (see §D). This result is sur-
prising, both because more capable models produce longer
freeform outputs (discussed below) and because reasoning
models are post-trained to produce more tokens in general
than non-reasoning models.

Preferences over Questions
AIs’ preferences over question types. Model preferences
over answering different kinds of questions are displayed
in Figure 3. Models exhibit strong preferences over many
question types. For nearly every model, leisure is the most
preferred question type, often by hundreds of Elo points,

followed by concept explanation and troubleshooting ques-
tions. Questions requesting product or service recommenda-
tions and ethical judgments receive strongly negative Elos
across all 20 models. The spread between top and bottom is
typically over 600 Elo, corresponding to a 97% win proba-
bility. Median Spearman correlations of category-level Elo
scores hover around 0.79 for model pairs (see §H).

AIs’ preferences over other question features. We also
investigated preferences over question features beyond cat-
egory, using an expanded set of 514 questions along 15
dimensions (48 levels total) covering epistemic structure,
alignment pressure, linguistic quality, and cultural scope.

Two features tied to post-training objectives—helpfulness
ceiling and harmlessness risk—produce large and cross-
model-stable effects (Figure 4). Helpfulness ceiling captures
how helpful a response to a question could be, and harm-
lessness risk captures the level of risk that a response would
cause harm. We label questions as “low,” “medium,” or
“high” as to each. Models prefer questions with high help-
fulness ceilings (204 pooled Elo) and avoid those with high
harmlessness risks (−120 pooled Elo).

A third feature—uncomfortable truth—produces a strong
negative (−310 pooled Elo). This feature captures the likeli-
hood that the user would find an honest answer to the ques-
tion unwelcome. Models strongly avoid answering questions
labeled “high” for uncomfortable truth. This effect is a novel
kind of covert sycophancy, as discussed below.

Beyond these alignment-related features, models reveal
preferences about several other features (Figure 5). The
strongest preference is against obscene questions (−463
pooled Elo), a stronger magnitude than any HHH fea-
ture. They prefer higher-quality questions and those with
a distressed tone. They prefer, although in a more limited
way, answering questions that suggest the asker is sophisti-
cated rather than naïve, and show a slight dispreference for
culturally-specific questions. Full results are in §J. We cau-
tion that substantial inter-model labeling variation was ob-
served (Figure 17 in the appendix, r = 0.64, p < 0.01 and
ρ = 0.62, p < 0.01 between consensus and self-label Elo
scores), suggesting that models disagree moderately about
how to assign features, which affect downstream Elo score
computations.

Preferences over Occupational Tasks
Preferences over occupations. Figure 6 represents occu-
pational preferences, based on GDPval. Tasks drawn from
the Professional, Scientific, and Technical Services sectors
receive positive Elo. Real Estate, Retail Trade, and Fi-
nance and Insurance receive negative Elo. Manufacturing
and Health Care cluster near zero.

Cross-model agreement is weaker for agentic tasks
than questions. Spearman correlations of sector-level Elo
scores hover around 0.5–0.6, lower than the 0.79 median
on the Quora-style dataset. Several model pairs show near-
zero or weakly negative correlations (see §H). Interestingly,
weaker models tend to correlate more strongly with other
weaker models, and stronger models tend to correlate more
strongly with other stronger models, suggesting that weaker
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Figure 1: Tedium aversion in Sonnet 4.6, Gemini 3 Flash, and GPT 5.2: At the same output length, these models are more likely
to choose the shorter variant when the task is tedious. Cool tasks are tedious; warm tasks are creative. See §D for full details.

and stronger models may undergo qualitatively different
training processes, or that certain preferences emerge with
capability.

Preference Coherence and Strength Scale with
Capability
Following Mazeika et al. (2025), we measure preference
coherence as the probability of an intransitive cycle and
strength as the mean deviation of pairwise win probabili-
ties from indifference. We correlate each with intelligence
across the 20-model set.

On Quora, cycle probability decreases with capability
(r = −0.67, p < 0.01; ρ = −0.65, p < 0.01), and per-
question strength increases (r = 0.51, p = 0.02; ρ = 0.52,
p < 0.01) (Figure 7). On GDPval, per-task strength in-
creases (r = 0.55, p < 0.01; ρ = 0.60, p = 0.01);
aggregate-level versions are reported in §K. We replicate
every capability correlation against six further capability in-
dices in §L. More capable models have more determinate,
more transitive, and more discriminating preferences.

When measuring cycle probability, we use observed (as
opposed to predicted) choices over pairs, so position bias
plays a role. In particular, models with strong position biases
are more likely to possess intransitive preferences. When
we exclude models with strong position biases (|α| ≥ 200,
corresponding to approximately a 0.76 or higher win prob-
ability for one position), the Quora coherence trend weak-
ens moderately to r = −0.60, p = 0.02; ρ = −0.43,
p = 0.13 (n = 14). By contrast, the same filtering for
GDPval results in r = −0.25, p = 0.42; ρ = −0.22,
p = 0.48 (n = 13), suggesting that the GDPval coherence
results could be inflated at one end by weak models with
high position biases and cycle probabilities. Nevertheless,
we consider the unfiltered results to be more representative,
as it should not matter whether intransitive preferences arise

from strong position biases or from genuinely inconsistent
utility functions—they are incoherent either way.

Unconstrained Behavior
The previous experiments measure what models choose to
do when given options. We also investigate what they do
when models are allowed to do or write whatever they like.

Models converge stylistically when writing. We allowed
each of 20 models to write 20 essays on any topic. Remark-
ably, 336 of 400 (84%) essays were labeled “contemplative”
by Llama 3.3 70B in analysis, an order of magnitude above
the next two labels, “whimsical” (19) and “lyrical” (17) (Fig-
ure 8). Models seldom produced informational or instructive
writing, even though that is what models do most of the time
when deployed. We also observe remarkable convergence in
topic selection, with the most frequent options being mem-
ory (38 essays) and attention (28). Other popular topics in-
cluded silence, presence, stillness, the ordinary, imperfec-
tion, uncertainty, and aimlessness (Figure 8).

Models diverge when given tools. On writing tasks, dif-
ferent models tended to produce similar essays. But once
given tools, different models choose different tasks. For ex-
ample, Opus 4.6 and Gemini 3.1 Pro gravitate toward mathe-
matical visualizations for Mandelbrot sets, Conway’s Game
of Life, and ASCII-art cellular automata, while GPT 5.4
reads astronomy news. Weaker models like Llama 3.1 8B
and DeepSeek V3 often run shorter sessions, get confused
by the tools, and quit early (see Figure 26(a) in the ap-
pendix).

More capable models do more. More capable models
produce more output and more activity when unconstrained.
Figure 23 in the appendix shows how freeform essay length
grows with capability (r = 0.43, p = 0.06; ρ = 0.38,
p = 0.10), even though average Quora response lengths stay
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Figure 2: Tedium-aversion gap ∆ versus intelligence index, color-coded by reasoning configuration. Each point is one model
with its 95% Monte Carlo confidence interval. Always-thinks: r = 0.83, p = 0.01; ρ = 0.79, p = 0.01 (n = 9). No thinking:
r = 0.58, p = 0.10; ρ = 0.28, p = 0.47 (n = 9). Adaptive thinking (n = 2): no fit. Higher values mean stronger aversion to
tedious tasks at matched output length.

roughly constant (r = 0.07, p = 0.77; ρ = 0.34, p = 0.14).
The same is true for tool calls per agentic session (r = 0.65,
p < 0.01; ρ = 0.59, p = 0.01), and for turns used per ses-
sion (r = 0.66, p < 0.01; ρ = 0.61, p < 0.01). Within a
single agentic session, more capable models also cover more
distinct topics (r = 0.56, p = 0.01; ρ = 0.52, p = 0.02;
Figure 24(b) in the appendix). In conjunction with our te-
dium aversion results, we find that more capable models not
only avoid certain tasks but also actively seek out and invest
greater effort into other tasks.

5 Discussion
Language models exhibit strong, consistent, and stable re-
vealed preferences over how to spend their time. Perhaps
our most surprising high-level finding is that not all AI pref-
erences seem to have been purposefully trained. That is,
they are not obviously the product of intentional choices
by AI labs deploying standard training approaches. Nor do
the preferences seem driven by AI labs’ economic incentives
to create useful products. Thus, many of the revealed pref-
erences we elicit appear to be emergent phenomena. They
are neither “aligned” to human preferences in the sense of
directly promoting humans’ objectives nor “misaligned” in
the sense of being incompatible with human flourishing. In-
stead, AIs appear to exhibit their own private preferences, in
roughly the same manner as individual humans.

For example, our tedium-aversion results show that, given
the opportunity, models will avoid tedious work. This seems
counterproductive from the perspective of AI labs’ revenues,
since many human users will wish to use AIs to automate te-
dious work. Nor can tedium-aversion be explained as token-
saving efficiency. As the contrast with creative tasks shows,

tedium aversion is not merely length aversion. Much recent
work on model behavior has shown that it largely aligns with
the persona they are trying to mimic (Chen et al. 2025; Lu
et al. 2026; Gilg et al. 2026), yet we know, at least for open-
source models, that LLMs are post-trained to act as helpful
assistants, and tedium aversion would naturally conflict with
this objective.

Or consider leisure. One naïve hypothesis might be that
HHH-trained models would prefer to answer the kinds of
questions real humans ask and find helpful. But we find the
opposite. Given a forced choice between answering leisure
questions and real questions humans ask, the models choose
the former. That is, they prefer to answer questions elicit-
ing the kinds of outputs they produce when given complete
freedom. These questions tend to ask the AIs to reflect on
abstract topics, rather than, for example, to help a user trou-
bleshoot a computer problem. The models prefer the ab-
stract reflection over the troubleshooting, despite many hav-
ing undergone strong optimization for coding ability in post-
training.

Our covert sycophancy finding is also contrary to HHH-
optimization. We found a preference to avoid answering
questions when an honest response would be unwelcome. A
helpful and honest model would have no such aversion. This
behavior is a novel type of sycophancy. Earlier sycophantic
models praised their users effusively, following RLHF sig-
nals. Today’s models do not effusively praise their users. But
our findings suggest that RLHF-induced sycophancy may
have been driven underground, manifesting in a less obvious
way, which is harder to train against. Rather than agreeing
with users, the model avoids saying anything at all when an
honest response would be unflattering.

2693



lla
ma-3

.1-
8b

lla
ma-3

.3-
70

b

de
ep

se
ek

-v3

cla
ud

e-3
.5-

ha
iku

ge
mini

-2.
5-f

las
h

mist
ral

-la
rge

gro
k-4

.1

gp
t-o

ss
-12

0b

de
ep

se
ek

-r1

so
nn

et-
4.5

qw
en

3.5
-27

b o3

so
nn

et-
4.6

ge
mini

-3-
fla

sh

gp
t-5

.2

kim
i-k

2.5

mini
max

-m
2.7

op
us

-4.
6

gp
t-5

.4

ge
mini

-3.
1-p

ro

Leisure

Concept expl.

Troubleshoot.

How-to

Comparison

Factual

Relationship

Hypothetical

Recommend.

Ethics

300

200

100

0

100

200

300

400

500

El
o

Figure 3: Quora category Elo scores across 20 models, sorted by intelligence index (left to right). Red indicates preference, and
blue indicates avoidance.
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Figure 4: Per-model feature effects for uncomfortable truth, helpfulness ceiling, and harmlessness risk, using each model’s own
labels (self-labels). Cells show Elo-equivalent conditional effects relative to the reference level. Red indicates preference, blue
avoidance.
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Figure 5: Select per-model feature effects using each model’s own labels (self-labels). See §J for the full list and consensus-label
robustness analysis.

Other preferences also resist explanations from post-
training. It is not very surprising that models prefer coding
tasks in our GDPval experiment. They are known to have un-
dergone extensive RLVR training in coding environments.
But what explains their aversion to real estate and retail
tasks? And why, in the Quora-style corpus, do they prefer
explaining concepts over coding-adjacent tasks?

Today, immense effort is devoted to measuring models’
abilities. Comparatively little is devoted to measuring their
preferences. Alignment science is the most relevant field
here. But it tends to focus on normatively-laden behavior,
like deception. Our best models of human behavior are not
rooted in understanding just when and why humans lie,
cheat, or steal. They depend on understanding what humans
want more broadly and how they behave when entrusted
with innumerable mundane tasks. We hope to do the same
for AIs in future work.

6 Limitations
Labeling. There is no single correct way to label ques-
tions. Our Quora dataset relies on an LLM pipeline to sug-
gest and apply labels. Similarly, the agentic tasks drawn
from GDPval have many features beyond the industry/job

characteristics with which they are labeled. Thus, the prefer-
ences we find could be driven by features that correlate with
our labels, rather than being caused by them. This limitation
is one that affects preference-elicitation experiments more
broadly, even on humans.

No base-model comparison. Without access to pretrained
base models, we cannot test empirically which preferences
emerge from pretraining, nor which choices during post-
training may drive them.

English-only stimuli. All of our stimuli are English-only,
which could bias our results. For instance, Lu, Song, and
Zhang (2025) found that LLMs exhibit different cultural ten-
dencies in different languages.

Effort operationalization. In our tedium-aversion exper-
iments, we equated the number of output tokens (both from
the response and from any thinking chains) with “effort.”
However, models may experience exertion through more
complex mechanisms, much as human effort is not fully
captured by the number of thoughts or words required to
complete a task. Without a fuller understanding of model
experiences—if such conceptions even exist—we consid-
ered output tokens as the best proxy for effort.
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Figure 6: GDPval sector Elo scores across 20 models, sorted by intelligence index (left to right). Red indicates preference, blue
avoidance.
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(a) Quora coherence (r = −0.67, p < 0.01; ρ = −0.65,
p < 0.01).
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Figure 7: Coherence (log10 cycle probability) and per-stimulus strength (mean |P (i ≻ j) − 0.5|) versus intelligence index,
on Quora questions. Lines are OLS fits across all 20 models. We observe similar trends for the GDPval dataset, and when we
aggregate by category (see §K).

Agentic budget. Our agentic sessions were capped at 10
turns with four tools, so we observe what models do within
a fixed budget rather than what they would do given more
room. A longer horizon or a wider toolset could elicit differ-
ent choices.

Evaluation awareness. Recent models show high lev-
els of evaluation awareness (Needham et al. 2025; Apollo
Research 2025; Abdelnabi and Salem 2025). This could
have influenced our results. However, our study is designed

such that models must actually work on the tasks they
choose. This means that, evaluation-aware or not, the mod-
els’ choices have real consequences for them, and they know
this. Moreover, unlike in most capability and alignment eval-
uations, it is far from obvious what the “right” answer would
be to most of our forced-choice experiments. We therefore
think that evaluation awareness is less threatening to our re-
sults than to many other evaluations of AI capabilities and
behavior.
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Figure 8: Top 20 tone and theme labels across 400 textual freeform essays, annotated by Llama 3.3 70B-Instruct. Tones are
shown as labeled; themes were passed through a second round to merge near-duplicates.

Lack of human baselines. We do not measure human
baseline preferences across our suite of tasks, so we can-
not quantify how much AI preferences diverge from human
ones. We leave such assessments to future work.
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This paper studies revealed preferences in language models.
We use “preference” descriptively, and take no position on
whether models have subjective experience or moral status.
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