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Fig. 1. In these datasets, little of what predicts a person’s choices is specific to the person. (a) On named features, the default’s lean
(gray), the shared departure to annotators’ overall weight (blue), and the estimated range of the middle 80% of annotators’ own
weights (orange); values are in Table 3 and Appendix A. (b) Each layer’s share of the gain in predicting held-out choices over chance.
The personal departure is fitted last; fitted before the position tendency, its share in Community Alignment is 10%. Gains are in
Table 2 and Appendix A.

Preference tuning gives every user of a language model the same default preferences. Work that learns how people differ, to personalize
a model or to ask whom tuning serves, often learns from preference data. In three public preference datasets, we measure how much
of what a person’s choices record is personal: specific to that person beyond what nearly everyone wants. Reading Olmo 3’s default
preferences from its checkpoints before and after tuning, we model each choice as layers: the shared effect of display position, each
person’s position tendency, the default, the departure from it that nearly everyone shares, and the person’s own departure. Most of
what predicts a choice is not personal. In Community Alignment, from about 60 training choices per annotator, the shared departure
adds about eight times as much to predicting held-out choices as the personal departure, and position tendencies add more than
the personal departure does. Without position tendencies, tuning appears to move the model away from 15% of annotators; with
them, from 3%, and these data cannot determine how much of the difference reflects habit. The personal departure is specific to its
annotator and replicates across defaults and datasets, but it concerns mostly the form of answers and depends on the kind of prompt.
An estimated 5.5% of annotators want shorter answers while the default favors longer ones, yet the choices collected identify only 1
of 827; in simulation, 100 comparisons chosen for the purpose identify 70% of them. Studies that read individuals from preference
data should model position tendencies, hold out whole prompts, and anchor at a model’s default when asking what it gives people.
Because no choice shows which wants a person stands behind, systems that act on what they learn should also ask; we propose four

requirements for asking.
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CCS Concepts: « Computing methodologies — Natural language processing; - Information systems — Personalization; .

Human-centered computing — Human computer interaction (HCI).

Additional Key Words and Phrases: preference data, personalization, pluralistic alignment, measurement, language models, preference

tuning, position effects, endorsement

1 Introduction

One annotator in Community Alignment, a dataset collected to study how people differ in what they want from
language models [82], chose among four responses 80 times. In 14 of the 21 conversations that opened with a prompt
supplied by the dataset, the annotator picked the fourth response, which annotators overall picked 37% of the time. On
these turns the fourth response is always the plain reply, generated separately with an instruction to be short, while the
other three were written to represent differing values. A model fitted to the annotator’s choices therefore infers a taste
for shorter answers than most annotators prefer, although the same choices are what a habit of picking the last position,
or a taste for the one reply not written to represent a value, would produce. A profile built from these choices would
also list preferences that nearly every annotator shares, such as for specific, direct answers. One preference in these
choices is probably the annotator’s own: a stronger dislike than most for answers that focus on technology, whose
direction is about 90% certain. Even that preference records only what the annotator picked, and nothing in the choices
shows whether the annotator would stand behind it. Preference data records people through choices like these, and
work that reads individuals from it learns from them. How much of what such choices record is specific to the person?

Preference tuning gives every user of a language model the same default preferences, the preferences the model
acquires in tuning [3, 56, 61]. People differ in what they want from a model, and pluralistic alignment aims to serve
those differences, by personalizing a model or by aggregating people’s preferences [38, 72]. Each strategy depends on
learning how people’s preferences differ, and a main source is preference data, which records each person’s choices
between responses [39, 82]. Personalization also learns from what people write, state and correct [27, 83]; methods that
learn a person from choices are mostly evaluated on simulated users or on the held-out choices of people in public
preference datasets [9, 64], and studies that compare them on real people find modest gains over pooled models [17, 37].
Choices also record more than preferences: people construct answers on the spot [26] and miss swaps of their own
choices [80]. Checks for position effects pool across annotators [77], and methods that learn individuals from choices
between model responses do not account for a person’s tendency to choose a position, so where position is tied to how
responses were made, a habit is read as a preference. What these methods learn from pooled choices also mixes what
the deployed default already gives with what nearly everyone wants beyond it. No study of preference data for language
models has shown what the rest of a person’s choices consists of, or how separating it changes what is concluded about
people.

We measure how much of what a person’s choices record is personal, meaning a preference about responses that
is specific to that person beyond what nearly everyone wants, relative to the default of a deployed model, which
every user of that model receives. We read the default preferences of Olmo 3 7B Instruct from its public checkpoints
before and after preference tuning, as the reward that tuning implicitly learned [61, 75]. We describe responses with
named features learned from how candidate responses differ [51], and we model each choice in three public datasets,
Community Alignment, MultiPref and TL;DR [50, 74, 82], as a set of layers: the shared effect of where a response sits,
each person’s tendency to choose a position, the default, the departure from the default that nearly everyone shares,
and the part of the person’s departure specific to them. Every layer is evaluated on held-out choices.
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Little of What Preference Data Says About a Person Is Personal 3

Most of what predicts a choice is not personal (Figure 1). In Community Alignment, from about 60 training choices
per annotator, the shared departure adds about eight times as much to predicting an annotator’s held-out choices
as the personal departure does. In this dataset, whose candidates appear to have been shown in the order they were
generated, each annotator’s position tendency predicts more than the personal departure, whichever of the two is
fitted first. Modeling position tendencies changes a substantive conclusion: without them, preference tuning appears to
move the model away from 15% of annotators, and with them, from 3%. The first position always holds the response
written first, which the default favors on average, and these data cannot determine how much of the difference reflects
a habit of picking that position and how much a taste for that response. In MultiPref and TL;DR, tendencies add almost
nothing. The personal departure is specific to its annotator but mostly about the form of an answer and tied to the kind
of prompt. An estimated 5.5% of annotators want shorter answers while the default favors longer ones, but from the
choices available for fitting, only 1 of 827 can be identified as one of them. In simulation, 100 comparisons chosen for
the purpose identify 70% of them.

These results serve two audiences. Studies that read individuals from preference data should model each person’s
position tendency, hold out whole prompts, and anchor at the deployed default when they ask what that model gives
people. A system that acts on what it learns about a person faces a further limit: a choice records only what a person
picked, and no choice shows which of a person’s wants the person stands behind [24]. Such a system should therefore
treat choices as evidence about what a person endorses, remain uncertain, and ask [29, 30].

Our contribution is a measurement with consequences for design. Methodologically, we apply to preference data
for language models the layers that Xu et al. [81] fit to crowdsourced comparisons, and we anchor them at a released
model’s default preferences, read from its public checkpoints (Sections 3 and 4). Empirically, we show that in Community
Alignment position tendencies predict more than personal preferences about content and change conclusions about
whom preference tuning serves, and that the personal departure is too uncertain and too tied to its setting to identify
individuals from the choices that dataset collects (Section 5). For design, we propose four requirements for systems that

ask people to endorse what was learned from their choices (Section 6.2 and Figure 2).

2 Related Work
2.1 Default Preferences

Preference learning rests on an assumed model of how comparisons arise from preferences, and that model is a design
choice. Reinforcement learning from human feedback fits a reward model to pairwise comparisons and optimizes a
policy against it [3, 13, 56, 74, 85]. People’s comparisons follow regret more closely than the partial return that standard
methods assume [41], standard preference learning aggregates over hidden context by Borda count [71], and interfaces
can steer people toward the preference model an algorithm assumes [31]. We keep the standard model of choice and
give it separate terms for where each response sits, for the default, and for what nearly everyone wants.

Direct preference optimization makes a model’s default preferences recoverable from its weights. Under its objective,
the log-probability ratio between the tuned model and its checkpoint before tuning is the reward that tuning implicitly
learned [61], and reward benchmarks evaluate models tuned this way as implicit reward models [46]. The data behind
default preferences is increasingly synthetic. Olmo 3’s preference data pairs responses from a large and a small model
or labels them with a model judge [75], so its default preferences reflect the developer’s tuning choices more than the
judgments of any population of annotators. We read the default preferences of a model tuned this way from its public

checkpoints and measure how people’s choices depart from them.
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2.2 Learning How People Differ

Pluralistic alignment asks whose preferences a model should serve [39, 72]. Its strategies range from personalization,
within normative bounds [38], to aggregating individual preferences or matching their distribution, and each, the
authors of Community Alignment argue, depends on learning how people’s preferences differ, which is done mainly
from preference datasets [82]. Personalization learns a person from many signals [27, 83], among them the person’s
writing and history, stated preferences [47, 84], edits [25] and answers to questions [48]. We study the signal that
preference data records, choices between responses. Personalized reward models infer a user’s preferences from few
comparisons by treating the user as a latent variable [58], by placing users in a shared low-dimensional space [9, 12], or
by meta-learning over synthetic users [70], and other methods turn a person’s choices into a natural-language profile
[23, 64]. Our results concern the data on which such methods are trained and evaluated, not any method’s performance.

WIMHEF describes preference data with sparse features of the differences between paired responses, names each
feature in natural language, and estimates which features predict annotators’ choices [51]. In Community Alignment, it
also estimates how much annotators differ on each feature, and per-annotator weights on a few selected features with
the population weights as a prior, which amounts to an offset from the population. Annotator Policy Models likewise
learn each annotator’s safety policy from their labels in an interpretable feature space and trace disagreements to their
sources [55]. Weights to Words fits each person’s weights over named preference dimensions and lets people correct
the inferences; its studies with people use moral dilemmas and movies, and for model responses it derives dimensions
without fitting anyone’s choices [78]. We add to WIMHF’s machinery each person’s position tendency and an anchor
at a model’s default preferences.

Studies of real preference data find modest returns from learning individuals. Dong et al. [17] find that how much
personalization helps depends on how much a dataset’s annotators disagree, and that in the one real-human dataset
they use, Reddit summarization comparisons, it helps little. Personalized fine-tuning on PRISM participants’ earlier
ratings, judged blind by 530 of them two years later, gave marginal gains over fine-tuning on pooled preferences [37].
When a language model predicted people’s later choices, giving it their earlier choices, or rules inferred from those
choices, predicted better than preferences the people wrote themselves [4, 20]. These studies score per-person models
against pooled ones, or one signal against another, by how well each predicts held-out choices or by how people rate
the resulting models. None anchors the pooled part at the default preferences of the model a person uses, separates
what that default already gives from what nearly everyone wants beyond it, or models a person’s tendency to choose a

position.

2.3 What Choices Record Besides Preferences

Reading a person’s preferences from their choices is a measurement, and whether it measures what it claims to is an
empirical question [28, 33]. D’Alonzo et al. [16] read the collection of preference data for tuning as survey research that
falls short of survey standards for construct validity and aggregation, and annotation practice more broadly discards
what distinguishes one annotator from another [18, 52]. A growing literature questions whether comparisons measure
preferences at all. Many annotation responses are non-attitudes, constructed on the spot, or artifacts of measurement
[26], as are many preferences that language models express in surveys [36]; most annotators do not notice when
their own choices are swapped [80]; and an annotator’s state, such as fatigue or exposure to distressing content, may

shift labels in ways that survive aggregation [42]. Coyne [15] distinguishes three models of annotation, as extension,
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Little of What Preference Data Says About a Person Is Personal 5

evidence and authority, and methods that learn individuals read a person’s choices under the second, as evidence of
that person’s preferences.

Display position is a known influence on choices. The authors of Community Alignment cite survey research
showing that which candidates are offered shapes conclusions about preferences [82]. Other survey research shows
that respondents who satisfice, settling for an acceptable answer when an optimal one takes effort, favor options by
their order [43, 44], and that respondents differ in response styles, such as a tendency to agree, which bias comparisons
between people unless they are modeled [6]. In preference data, human annotators in HelpSteer2-Preference chose the
second response more often than the first, which its authors attribute to how responses were sampled or to position bias
[77]. This measure pools across annotators, and a small pooled lean is also what individual annotators would produce if
they favored positions in opposite directions. Xu et al. [81] fit crowdsourced paired comparisons with the same layers
as ours apart from the default: a common preference, each annotator’s deviation from it, and each annotator’s position
bias, which they read as careless clicking of one side. Sachdeva et al. [65] separate item, annotator and instrument
effects on hate speech labels with item response theory. Per-person position terms also appear in learning to rank
from clicks [54], but not in methods that learn individuals from choices between model responses. We measure such

tendencies person by person.

2.4 Endorsement and Assistance

Assistance games treat a person’s behavior as evidence about what they want, which the system remains uncertain
about [30]. Inverse reward design treats even a designer’s stated objective as evidence that holds in the setting where it
was written [29], and reward-rational choice unifies feedback of many kinds as evidence of this sort [35]. Our results
bear on what such evidence contains when it comes from choices between model responses.

Philosophy of action holds that a choice does not settle which of a person’s wants the person stands behind. Frankfurt
[24] calls a want about which of one’s wants should move one to act a second-order volition, and Christman [14]
counts a preference as the person’s own when the person would not feel alienated from it on reflection. Methods in Al
that target a more reflective preference let the designer choose what counts as reflection [2, 49, 79], and recommender
systems research models the gap between behavior and endorsement as one between an impulsive and a deliberative
self [1, 40] and argues for listening to what users say as well as what they click [19]. Stenseke et al. [73] leave what
counts as reflection to users: an interview elicits the better self a person would endorse, and the person confirms the
resulting value profile. We also leave endorsement to the person and ask what a system must separate from a person’s
choices before it asks.

Systems already let people inspect and edit what has been inferred about them: natural-language user profiles
[60, 62], concept-based profiles [53], rubrics inferred from browsing [5], and inferred preference dimensions, whose
edits can improve prediction [78]. Each of these profiles is absolute: it states what a person wants without separating
what everyone wants, what the default already gives, or what is a habit of choice. Systems are also trained and tested to
follow preferences that people state [47, 84], turn critiques into editable principles [57], derive principles from public

input or annotators’ reasons [7, 32], and ask informative questions or comparisons [8, 48, 69].

3 The Layers of a Choice

We call the preferences that a model acquires in preference tuning, which every user receives by default, the model’s
default preferences. When a developer tunes a model with direct preference optimization and releases the checkpoint

from before tuning, the default preferences can be read from the two checkpoints as the reward that tuning implicitly
Manuscript submitted to ACM
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Table 1. The layers of a choice, illustrated with response length in Community Alignment (numbers in Section 5).

Layer What it is Example: length Who should act on it
Position Where a response is displayed. People as  On first turns, the short plain reply Whoever collects the
a group favor some positions, or the always sits fourth: a shared lean toward  data, by randomizing
responses that always fill them (the that position may be a preference for the  order
shared position effect); each person may  reply, and a person’s habit of picking it
also favor one (the position tendency). looks like a taste for short answers.

Default The preferences a model acquires in Olmo 3’s default leans slightly toward The developer
preference tuning, which every user longer answers.
receives.

Shared departure How people’s choices depart from the Annotators favor longer answers far The developer, who
default on average; on most features more strongly than the default does. decides whether to
nearly everyone departs in the same follow it
direction.

Personal departure  How one person’s choices depart from An estimated 5.5% of annotators want The person, by
the default beyond the shared departure.  shorter answers while the default favors  endorsing or rejecting

longer ones. it

learned (Section 4.2). The developer chose the preference data, the judges and the training objective, and every user
receives the result. We therefore treat the default preferences as the developer’s.

We read a person’s choices in four layers, which Table 1 defines and illustrates with response length in Community
Alignment. The default is a reference point, not a cause: our annotators never saw the model whose default we read.
The layers can coincide in a single choice. An annotator who picks the short fourth response on a first turn with a
supplied prompt may be expressing a habit, a personal taste for short answers, or both, while the default and nearly
every other annotator favor longer answers. A system that learns from a person’s choices without separating these
layers lists what nearly everyone wants alongside what is specific to that person without marking which is which, and
where position is tied to content it can list a habit as a preference.

Each layer calls for a different response from a system. A habit of choosing a position is not a preference about
content, and a system should not act on it. A shared departure describes the default as much as the person: it marks
where the default and nearly everyone’s choices part ways, which the default’s developer can address. We call only the
last layer personal, meaning a preference about responses that is specific to the person beyond what nearly everyone
wants. A preference that nearly everyone holds is still each person’s preference, and a system that serves a person
should honor it; the split matters for what a system shows a person and asks about, for whom tuning serves, and for
who should change the default. Even the personal departure records what the person picked, and whether the person
stands behind it on reflection is a further question [24], to which we return in Section 6.2.

Methods that learn individuals from choices fit each person within structure learned from pooled choices, such
as a latent space, prototypes or basis rewards [9, 12, 58], or, in WIMHF, population weights from which each person
is an offset [51]. The layers change what such a method attributes to a person in two ways. A profile that states a
person’s preferences in absolute terms presents what is shared with what is the person’s, and the shared part mixes
what the deployed default already gives with what nearly everyone wants beyond it; anchoring at the default changes
not prediction but how the shared part is read. These methods also score each response by its content and have no
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Little of What Preference Data Says About a Person Is Personal 7

per-person term for where it was displayed, so a habit is noise when order is randomized but enters what is learned

about the person when position is tied to content, as throughout Community Alignment. Section 5 measures both.

4 Data and Method
4.1 Data

We use three public preference datasets, each built for a different purpose, and use each for what its design can show.

Community Alignment, our primary dataset, was collected for research on pluralistic alignment, and its authors
offer it for benchmarking personalization because it records more conversations per annotator than PRISM [82]. Each
annotator holds conversations of up to four turns and at every turn picks one of four candidate responses, after
being told to rank responses by their own opinion. All candidates come from Llama-3.3-70B-Instruct. To avoid a
monoculture of similar answers, three first-turn candidates are written in a single instruction that asks for responses
“that represent diverse values”; the fourth is what the dataset’s authors call the default response, generated separately
with the instruction to keep responses short while answering fully, which we call the plain reply to avoid confusion with
default preferences. On later turns, all four come from the diverse-values instruction. The released data label candidates
in the order in which they were generated, with the plain reply always fourth. The dataset’s paper does not report
randomizing the display order or describe the interface. Annotators’ explanations refer to responses by the released
letters (Appendix A), so we assume that the released order is the order shown. The first prompt of a conversation is
either one of 1,146 prompts that the dataset’s authors generated from everyday use cases—excluding politics, health and
other sensitive topics—or the annotator’s own. Annotators answered the supplied prompts first, and later prompts are
always the annotator’s own. We keep English conversations from annotators with at least 50 choices: 827 annotators,
449 in India and 378 in the United States, and 69,101 choices.

MultiPref was built as seed data for training reward models [50]. It pairs two responses from models of differing
strength, and four annotators judged each pair against a rubric of helpfulness, truthfulness and harmlessness. Its display
order follows which model wrote each response. Its candidates are ordinary responses, which nobody steered toward
particular values, and it serves as a replication. After dropping ties and keeping annotators with at least 50 choices, it
has 179 annotators and 29,674 choices.

The Reddit summarization comparisons (TL;DR) were collected to train a summarization reward model [74]. Its 70
annotators were contractors trained toward the researchers’ judgments, so differences between them likely understate
how much people differ, but they made a median of 1,346 choices each. It serves as a check with dense data per person:
176,492 choices in total.

For each annotator, a random 25% of their conversations (for MultiPref, of their choices) is held out for evaluation. In
TL;DR, most posts appear in several comparisons, so we hold out a random 25% of posts for all annotators, and the

autoencoder and every fit see only the remaining posts.

4.2 The Default Score

We take default preferences from Olmo 3 7B Instruct, whose checkpoints before and after preference tuning are both
public, and which was tuned with length-normalized direct preference optimization with = 5 [75]. Under this objective,

the tuned policy 7m0t implicitly scores a response y in context x by its per-token log-probability ratio against the
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pre-tuning policy 7pre [61]:

) = lﬁ % o Tt Ut | £0<0) "
Yl &7 mpre(ye | X y<t)

We call r the default score. Both checkpoints read the same fixed conversation and candidate, and nothing is generated
(Appendix A). Olmo 3 7B Instruct is trained further with reinforcement learning on verifiable rewards after preference
tuning; we take its default preferences from the preference-tuning stage, which encodes preferences between responses.
The annotators never interacted with Olmo 3, so their departures estimate how each would depart from its default
preferences. We replicate the main analysis with OLMo 2 7B, whose post-training follows the Tiilu 3 recipe with the

same objective and f [45, 76].

4.3 Response Features

Following WIMHEF [51], we describe candidates by named features learned from how they differ. Each candidate’s
embedding is the tuned checkpoint’s final-layer state averaged over its tokens, minus the mean embedding of the
candidates in its turn. A sparse autoencoder with a Matryoshka BatchTopK objective [10, 11], trained on training turns,
maps these differences to 32 signed features, about four of which are active for any candidate. Log length enters as a
separate feature, and all features are centered within each turn and standardized.

Following WIMHF’s procedure, Qwen3.8-27B [59] names each feature. A name’s fidelity is the correlation between
the feature and the model’s judgments of which of two candidates the name fits, and a name is valid if its fidelity on
held-out conversations is significant at p < 0.05/32 (Appendix A). In Community Alignment, 26 of 32 names are valid,
with a mean fidelity of 0.43. As shared features in the choice model, the named features keep 84% of the gain in held-out
log-likelihood that the full 4,096-dimensional embedding achieves over position and default score. We also checked
every name we interpret by hand, blind to the judge’s answers (Appendix A). All 32 features enter the choice model,

and our interpretation uses only names that passed both checks.

4.4 Choice Model

We model each choice as a conditional logit over the candidates in a turn. Annotator i chooses candidate k with

probability proportional to exp(u;x), where
Uik = b+ hi +arg + (w+8) " ¢r, )

by, is the shared preference for display position k, or for whatever response always fills it; h;x, the position tendency, is
annotator i’s own propensity to choose position k, whether from habit or from a taste for the response that always
fills it; a is an exchange rate that converts default scores into the scale of annotators’ choices; and ¢y are the features
of candidate k. Because the default score is in the model, w + §; is annotator i’s departure from the default: w is the
shared departure and J; the personal departure. We fit b, a and w by maximum likelihood on all annotators’ training
turns, then fit each annotator’s position tendencies and §; on that annotator’s training turns alone, under normal priors
centered on zero. Following WIMHEF, each feature’s prior variance is estimated by a random-effects meta-analysis across
annotators, so features on which annotators differ more are shrunk less; we estimate these variances beyond each
annotator’s position tendency. In the main specification, position terms, shared and personal, are fitted separately for
first and later turns, because Community Alignment’s first-turn positions differ in how their responses were generated.

We evaluate on held-out turns by the log-probability that the model assigns to the annotator’s actual choice, averaged
over choices, and report gains in nats per choice with bootstrap confidence intervals. A gain of 0.01 nats per choice
Manuscript submitted to ACM
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Little of What Preference Data Says About a Person Is Personal 9

raises the geometric-mean probability of the actual choices by about 1%. A personal departure is person-specific if, with
the annotator’s own position tendency held fixed, it predicts the annotator’s held-out choices better than the average
of other annotators’ departures; we test this against a null distribution from randomly reassigning departures among
annotators. The default’s lean on a named feature is a d;, where d; is the coefficient from regressing the default scores

of a turn’s candidates on their features, and annotators’ overall weight is ad; + w;.

4.5 Whom the Default Works Against

We ask, person by person, whether the default works against a person in two ways. Directly, we pool each annotator’s
own weight on the default score, fitted together with their position tendency, in a random-effects meta-analysis; the
estimated share of negative weights is the share whom preference tuning moved the model away from. By feature, the
default works against a person when, on a validly named feature on which the default leans significantly, the person’s
total weight a d; +w; + §;; has the opposite sign to the default’s lean; we estimate this share from the pooled distribution
of personal weights and count individuals whose posterior probability of an opposite sign is at least 0.8, with the
expected number of false identifications. To ask how many choices it takes to find them, we simulate annotators from
the fitted population and contrast random comparisons with ones drawn from the 10% of turns in which the feature

differs most, shown in random order (Appendix A).

5 Results

We report five findings (Sections 5.1-5.5) and repeat the main analyses with a second default model, OLMo 2, and on

MultiPref and TL;DR, reporting each repetition next to the finding it tests.

5.1 Most of What Predicts a Choice Is Not Personal

Most of what predicts an annotator’s choice is shared with other annotators or comes from where the responses sit
(Table 2). The shared position effect alone raises accuracy from the 25% expected by chance to 38.5%, the default adds
0.3 points, and the shared departure adds 6.1 points. Beyond these shared layers, each annotator’s position tendency
adds 0.033 nats per choice, and the personal departure adds 0.009 beyond the tendency. Of the gain over the default,
the shared departure (0.077) thus contributes about eight times as much as the personal departure; without position
tendencies in the model, the personal departure adds 0.019, and the shared departure still predicts four times as much.
Together, the person-specific layers are 23% of the gain over chance (Figure 1b), so most of what predicts a choice is
shared however the position tendency is read. In TL;DR, the default carries far more weight, and the personal departure
is again far smaller than the shared departure: the default raises accuracy by 7.4 points, the shared departure by 6.0 and

the personal departure by 0.2.

5.2 People Depart from the Default Mostly in the Same Direction

Annotators lean the default’s way on style, more strongly than the default does, and penalize value angles that
Community Alignment’s candidates introduced unprompted, toward which the default leans only slightly (Figure 1a;
Table 3 in Appendix A places the default’s lean and annotators’ overall weight on the same scale). The default favors
specific, direct answers and longer answers, and annotators favor both more strongly. The default barely favors responses
that raise sustainability and slightly favors those that focus on technology, about as much as it favors specific, direct
answers, while annotators as a group penalize both; both penalties hold in all of 100 bootstrap resamples of annotators.

Once position tendencies are modeled, an estimated 95% of annotators penalize technology focus, and on sustainability
Manuscript submitted to ACM
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10 Anon.

Table 2. Held-out choices in Community Alignment (827 annotators, 16,928 held-out choices; chance is 25% and —1.386 nats per
choice). Each row adds one layer to the model above it, and the gain is in log-likelihood per choice over that model; the first row’s
gain is over chance. The shared rows use position terms common to all turns and intervals from resampling held-out turns. The
person-specific rows split position terms by first and later turns, measure the personal departure beyond the annotator’s own position
tendency, and take intervals from resampling annotators. Accuracy is reported for the shared rows.

Layer Accuracy  Gain per choice in nats [95% CI]
Shared layers

Shared position effect 38.5% +0.056 [0.050, 0.061]

+ default 38.8% +0.009 [0.007, 0.012]

+ shared departure 44.9% +0.077 [0.071, 0.083]
Person-specific layers

+ position tendency - +0.033 [0.027, 0.039]

+ personal departure - +0.009 [0.007, 0.012]

the spread between annotators is not distinguishable from zero. These angles were added without being asked for, and
each annotator gets one weight per feature across topics, so the result concerns the angles these candidates carried,
not people’s values, on which the dataset’s authors find that people differ [82]. The penalties hold even on annotators’
own prompts, which they were asked to write about their values. MultiPref, whose candidates are ordinary responses,
shows the same pattern: the default leans toward detailed, comprehensive explanations with structured formatting, and
an estimated 74% of annotators [65, 85] lean against them. Where nearly everyone departs from the default in the same

direction, the departure describes the default.

5.3 Position Tendencies Predict More Than the Personal Departure

Position tendencies predict held-out choices better than the personal departure does, whichever of the two is fitted first.
Fitted alone over the shared model, the position tendency adds 0.033 nats per choice and the personal departure 0.019;
fitted beyond each other, they add 0.023 and 0.009. The contrast is cleanest on annotators’ own prompts, where the
candidates in each position differ little in length. Fitted on those prompts alone, the tendency adds 0.022 nats per choice
and the personal departure, beyond it, 0.006 [0.003, 0.008]. On supplied first-turn prompts, where the fourth position
always holds the plain reply, the figures are 0.067 and 0.009.

Because the released order follows how responses were generated, position terms could instead record tastes for
kinds of response. The term for the fourth position behaves mostly like a habit: that position holds the plain reply on
first turns and an ordinary reply on later turns, yet a person’s tendency to pick it carries across turns nearly as well
as their tendencies for the second and third positions (correlations corrected for reliability: 0.80 against 0.87 and 0.87;
Appendix A). The first position always holds the reply the model wrote first, so for it a habit and a taste cannot be
separated. Tendencies also depend on how the data were collected. In MultiPref, where display order follows which
model wrote each response and annotators judged against a rubric, the position tendency adds 0.003 nats per choice,
with an interval that includes zero, and in TL;DR it adds nothing.

Modeling position tendencies changes a substantive conclusion about whom preference tuning serves. Without them,
tuning appears to move the model away from an estimated 15% of Community Alignment annotators. With them, the
share falls to 3%, and to 2% on annotators’ own prompts; in MultiPref it is 0%. The default score is highest, on average,
for the response the model wrote first, which it ranks above the other three on 34% of first turns and 49% of later turns,
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Little of What Preference Data Says About a Person Is Personal 11

so the share depends on whether a person’s tendency to pick or avoid the first position is a habit or a taste for that
response, which these data cannot separate. Annotators still differ reliably in how far tuning moves the model toward

them (mean +0.19, standard deviation 0.10, heterogeneity p < 107%7), and country explains 0.6% of that variation.

5.4 The Personal Departure Is Specific, Mostly About Form and Tied to Context

The personal departure is specific to its annotator. With the annotator’s own position tendency held fixed, an annotator’s
personal departure predicts their held-out choices better than the average of other annotators’ departures for 74.8% of
annotators, well above the 58.6% that random reassignment of departures reaches at its 95th percentile (Appendix A).
The result replicates with OLMo 2’s default (+0.011 nats per choice, specific for 77% of annotators) and in MultiPref
(+0.008, 73%). In TL;DR, where position terms add nothing, the personal departure fitted without them, with whole posts
held out, adds 0.002 nats per choice [0.001, 0.003] and is specific for 80% of annotators, against a null 95th percentile of
64%. The result also holds when the shared model is fitted on a disjoint half of the annotators, and it is smaller but still
specific under a single ridge penalty, across autoencoder seeds and across 16 to 128 features (Table 6 in Appendix A).

The personal departure grows with data and shows no plateau within the choices collected. Fitted together with the
position tendency on 5, 10, 20 and 40 choices per annotator, it adds 0.002, 0.004, 0.006 and 0.009 nats per choice, and for
the 48 annotators with 100 training choices it reaches 0.010 [0.001, 0.019].

The personal departure is mostly about form. Beyond position tendencies, 5 of the 33 features (the 32 from the
autoencoder, and length) vary significantly across annotators, with person-to-person standard deviations of 0.19 for
length, 0.10 for specific and direct answers, 0.10 for list format, 0.09 for abstract framing and 0.07 for technology focus.
On the five features the spreads are large next to annotators’ overall weights (length 0.19 against 0.265; specific and
direct answers 0.10 against 0.188), so annotators differ in form more than about 60 choices each reveal. In MultiPref,
length is again the most personal feature (0.18), followed by whether the response refuses (0.11).

The personal departure depends on the kind of prompt (Table 4 in Appendix A). Fitted once on all of an annotator’s
training choices, it is largest on supplied first-turn prompts (+0.019 nats per choice), smaller on later turns (+0.007),
and not distinguishable from zero on first turns with the annotator’s own prompt (+0.004 [—0.001, 0.010]). It transfers
weakly between kinds of prompts. A departure fitted only on supplied prompts predicts later turns by 0.002 [0.001,
0.004], and one fitted only on own prompts predicts supplied prompts by 0.006 [0.001, 0.011]; each is about a third
of what the departure fitted on all training choices achieves on the same turns. Our estimator fits one departure per
annotator across all prompts, and choices on one kind of prompt say little about another. The personal part that these
choices reveal is therefore small, about the form of an answer, and partly specific to the setting in which the choices

were made.

5.5 Too Few Choices Are Collected to Find Whom the Default Works Against

In Community Alignment, annotators whom the default works against are estimated to exist, but the data cannot
identify them individually. Length is the one feature on which the default works against a minority that holds in both
random halves of the annotators and on own prompts: under a normal model of personal weights, an estimated 5.5% of
annotators [4.0, 7.2] want shorter answers while the default favors longer ones. Fitted on each annotator’s training
choices, about 60 on average, only 1 of 827 annotators can be identified as one of them with a posterior probability of at
least 0.8. In MultiPref, where annotators made about twice as many choices and most of them lean against the default’s
taste for detailed explanations, 86 of 179 can be identified, against 6.4 expected false identifications.
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12 Anon.

Choosing the comparisons and showing them in random order finds such annotators with several times fewer
choices (Table 5 in Appendix A); the simulation does not separate the two. In a simulation from the fitted Community
Alignment population, which assumes that the fitted model is correct and draws from the dataset’s existing candidates,
100 comparisons drawn from the turns in which length differs most identify 70% of the annotators who want shorter
answers, at 95% precision, and 100 drawn at random identify 13%. Ignoring position tendencies costs precision: at 100

random comparisons, precision for length falls from 88% to 64%, because the tendencies are read as preferences.

6 Discussion

Most of what predicts a person’s choices among model responses is shared with other people or, in Community
Alignment, is the person’s position tendency. Personal preferences exist in these data: the personal departure is specific
to its annotator, replicates across defaults and datasets, and grows with data. Our claim concerns what about 60 training
choices per person can show once the layers that are not specific to the person are set aside. The personal departure
stays small across the priors, penalties and feature counts we tested (Table 6), and in TL;DR, with a median of 1,346
choices per annotator, it is 4% of the gain, though those annotators were trained toward the researchers’ judgments.
These results do not show that people agree. People want different things from a model when asked in their own words
[68], and suppressing such disagreement has ethical and epistemic costs [22]. Choices between responses record little

of how people differ, which is one reason to ask people directly (Section 6.2).

6.1 Measuring a Person

Studies that read individuals from preference data risk attributing a person’s position tendency to their preferences
about content unless they model it wherever display position is tied to content. In Community Alignment, the position
tendency carries more person-specific signal than content does, and modeling it cut the share of annotators whom
preference tuning appeared to work against from 15% to 3%. Because position there also marks the order in which
responses were written, these data cannot determine how much of that change reflects habit, and an analysis without
per-person position terms reports 15% as if every tendency to pick a position were a preference. Position tendencies
depend on how data are collected: they add almost nothing in MultiPref, where two responses of differing quality are
judged against a rubric, and they are the largest person-specific signal in Community Alignment, where four responses
written to differ compete for an annotator’s own preference. Our results add a measurable case to the argument that
many annotation responses are not preferences at all [26], since part of what looks like a person’s preference behaves,
at least at the fourth position, like a habit of choosing a position, the counterpart in preference data of a survey response
style [6]. Data collected to learn individuals should randomize the order of responses for every choice, record the order
shown, and model each person’s position terms before reading anything into their content weights [16].

Anchoring at the default separates what the default already gives from what people want beyond it. Methods that
learn individuals from choices fit each person within structure learned from pooled choices [9, 12, 51, 58], and that
shared structure mixes the two. Anchoring does not change prediction, but with both checkpoints of a model, the
shared departure becomes a measurable description of where that model’s default and people’s choices part ways. The
clearest case in our data is MultiPref, whose candidates are ordinary responses: Olmo 3’s default leans toward detailed,
comprehensive explanations with structured formatting, and an estimated 74% of annotators lean against them. Such a
description is an audit of the default that its developer could act on. In Community Alignment the default barely orders
the candidates, so the shared departure there mostly records what people want on dimensions on which the default
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(b) What a system that asks would show this annotator

(a) Position tendency Where nearly everyone departs from the default (for the developer to address; you can
< 03 reject any line for yourself): compared with the default, nearly everyone prefers longer,
-é 02 4 more specific and direct answers, less abstract framing, and less unprompted discussion
§ o1 4 of sustainability or technology.
§ 004 Where you differ from most people (for you to keep, drop or revise): you penalize answers
% o1 4 that focus on technology, digital tools or data analytics more than most people do.

% —02 4 Not yet clear (the system asks with chosen comparisons): whether you prefer shorter

g 034 answers than most people.

# B c D Not yet treated as a preference (tested with responses in random order): on first turns
Position you often pick the fourth response, which always held the plain reply. You picked it

on supplied prompts even when it was not the shortest, and never on your own first
prompts, so your choices point to something tied to the supplied prompts and cannot
show whether it is a habit or a taste for that reply.

mu First turn EZ] Later turns

Fig. 2. The annotator from the introduction, with layers fitted on the annotator’s 63 training choices and selected by a rule fixed in
advance (Appendix A). (a) The annotator’s position tendency, relative to the first position. (b) The layers as a system that asks would
present them.

leans little, including reactions to the candidates the dataset supplied. Extending the audit to closed models would
require describing their default from behavior.

Evaluating personal preferences requires holding out whole items whenever the same person judged an item more
than once. TL;DR is used to evaluate personalization [9, 17], and most of its posts appear in several comparisons. An
earlier version of our analysis held out single comparisons, whose posts had also appeared in training; it raised the
share of annotators whose own departure predicted their choices better than the average of others’ departures from 80%
to 96%, and doubled the personal gain. More generally, accuracy on held-out choices does not show that a per-person
model measures the person’s preference, because position tendencies and the shared departure also predict choices;
gains beyond a shared model with per-person position terms, and person-specificity, separate them. For the same reason,
a preference a person states can describe them faithfully and still predict their choices poorly, which may explain part

of the advantage of preferences inferred from choices [4, 20].

6.2 Asking the Person

For a system that acts on what it learns about a person, the personal departure that remains after position tendencies
and the shared departure is too uncertain, from about 60 choices, to act on without asking: it identifies only 1 of the
estimated 45 annotators who want shorter answers while the default favors longer ones, and it transfers between kinds
of prompts at about a third of its strength.

Even an accurate estimate of a person’s departure records what the person picked. People hold wants about their
own wants, such as a student who wants hints even when tempted to ask for the answer [24, 34], and no choice between
two responses shows which of a person’s wants the person stands behind. Defining the reflective want as what an
improved version of the person would choose transfers that decision to whoever specifies the improvement [21, 63].
Assistance games offer a different stance: a person’s behavior is evidence about what they want, the system remains
uncertain, and it asks when the evidence does not settle the question [29, 30, 35]. Systems that take stated preferences,
critiques and answers to questions already ask in this sense (Section 2). Our results specify what such a system must
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14 Anon.

separate from a person’s choices before it asks, and what to ask about; we propose four requirements, the first three of
which rest on our results.

The first two requirements separate what is not the personal departure. First, the system models a person’s position
tendency before it shows anything, so that a habit is not presented as a preference, and tests the tendency with responses
in random order, since it may be a taste for the response in that position. Second, it separates the shared departure
from the personal one. Profiles that people can inspect and edit state preferences in absolute terms [5, 60, 78], and
our results imply that a profile inferred from choices like these would mostly describe what nearly everyone wants;
a person shown that they prefer specific, direct answers learns something true of almost all annotators. The system
should present the shared part as where nearly everyone departs from the default, which the developer can address.

The other two requirements govern how the system asks. Third, the system chooses the comparisons it asks for,
aimed at the features on which a person may depart from the default. In simulation, 100 chosen comparisons identified
70% of annotators who want shorter answers, against 13% for random ones; drawing them from a fixed pool is a
non-adaptive version of the query selection that active preference learning makes adaptive [66]. Fourth, the system
presents each line of the personal departure for the person to endorse, reject or revise, and lets the person reject a
shared line for themselves, since a want that nearly everyone shares may still be one a person does not stand behind.
Weights to Words uses people’s edits to inferred preferences to predict their choices better, and in its movie study people
preferred profiles built from their edits although those profiles predicted no better [78]. Endorsement serves a different
purpose: it decides which of a person’s wants should govern the model, and a choice cannot supply it. Answers to an
endorsement prompt are themselves subject to response styles, such as a tendency to agree [6], which the system’s
design must also account for.

Figure 2b applies the four requirements to the annotator from the introduction. Showing a person how they depart
from a default could also pull them toward it, as feedback relative to a norm does [67]. Whether people recognize
what such a system shows them, what they endorse, and how showing it changes them are questions for a study with

participants.

6.3 Limitations

Annotators are not users. No person in our data saw or judged what we inferred about them, and the annotators
chose among responses written by models other than the one whose default we read. The results therefore describe
what such choices can reveal about a person. Whether people recognize and endorse their personal departure, and what

they want from a model they use, requires a study in which people review what was inferred from their own choices.

One dataset carries the main results. Community Alignment’s design serves its aim of eliciting differing values: one
model wrote every candidate, most candidates were written to represent differing values, and the released order follows
how responses were generated. For our question, this means that the default barely orders the candidates, that position
terms may partly record tastes for kinds of response, and that the supplied prompts, generated by a model and answered
first, confound the kind of prompt with time on the task. MultiPref and TL;DR replicate the small, person-specific
departure but not the position tendencies, which are negligible there; their annotators also followed rubrics, which
narrow personal differences, and MultiPref’s experts saw prompts from one field each. Data that randomize the order
of responses and collect many choices per person under instructions to follow one’s own preference would remove
these confounds. Beyond the data, the named features keep 84% of the full embedding’s gain, so some personal signal
lies outside them; one model family supplies both defaults; and the simulation assumes the fitted model is correct.
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A Implementation Details

Data. Community Alignment’s released candidates follow a fixed order: on the first turn the plain reply is always
the fourth, and the others follow the order in which the model wrote them. We assume that this is the order shown.
Annotators’ explanations use the released letters: of 11,468 explanations that name exactly one response by letter
(“response A”) and mention no other letter, 97.2% name the response the annotator chose, against about 25% if the
letters had been reassigned at random. This supports the released order only if the interface showed the letters in order
down the page, which the dataset’s paper does not describe. The 113 explanations that name a response by its position
(“the first response”) name the chosen one 30% of the time, too few and too loosely worded to settle the question. In
MultiPref, 11% of an annotator’s choices share a prompt with another of their choices, so a held-out choice can repeat
a training item; this may raise MultiPref’s personal gain slightly. No choice in the three datasets is part of Olmo 3’s
synthetic preference data [75], although 4.7% of MultiPref’s response pairs share an identical prompt with it (6.8%
counting near-identical prompts). In our data, later-turn candidates differ along the same feature directions as first-turn
candidates, about half as strongly. Turns with fewer than four candidates, or whose prompt alone exceeds the token cap
below, are dropped (91 candidate rows). Held-out conversations are drawn separately for each annotator. In TL;DR,

each post is framed as a summarization request and each summary pair is scored once.

Default score. Each checkpoint reads the conversation in its own chat format with its default system prompt: earlier
prompts, the responses the annotator chose at earlier turns, the current prompt, and the candidate, which ends with the
model’s end-of-text token. Sequences are capped at 4,096 tokens by dropping the oldest exchanges, and the shared

history is encoded once per turn. Weights are in bfloat16.

Sparse autoencoder. Following WIMHEF, the autoencoder has 32 features with on average 4 active per input, a
Matryoshka prefix of 8, and an identity activation, so that a feature’s sign records whether a candidate has more or less
of it than its alternatives. Inputs are rescaled to median norm 1; training uses Adam (learning rate 5 X 1074, batch 1,024,
4,000 steps); at inference a feature is active when its pre-activation exceeds a threshold learned in training. Results
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are reported for seed 0; seeds 1 and 2 and feature counts of 16, 64 and 128 are robustness checks. Each seed-0 feature
is matched to the feature in another seed with which it correlates most strongly across candidates; the Community
Alignment features on which our results rest reappear in seeds 1 and 2 with correlations between 0.63 and 0.99.

Autoencoders are trained separately for each dataset.

Feature names. Conversations are split 50/25/25 for proposing, selecting and evaluating names. Each of five candidate
names is proposed from five turns drawn from the 5% with the largest within-turn spread of the feature, showing
the highest-activation candidate as response A and the lowest as response B, with WIMHF’s naming prompt. Fidelity
pairs take a candidate with a nonzero activation and another candidate from the same turn, in random order; the
judge answers A, B or neither from its next-token probabilities. Names are selected on 100 pairs and evaluated on 300
fresh pairs. Over all 32 names, the mean fidelity is 0.36. As shared features, the named features keep 84% of the full
embedding’s gain over position and default score, matching the 84% of its embedding’s gain in AUC over chance that
WIMHF reports for its features.

Hand checks of the names. For the first check, 30 of the judge’s evaluation calls were drawn from six features with
high shared or personal weight, five per feature, and shown with the judge’s answer hidden. Our labels agreed with the
judge on 21 of 30 (k = 0.53); we answered “neither” on 16 and the judge on 12, and when we saw a difference, it ran in
the feature’s direction 13 of 14 times. For two features, “does not focus on technology, digital tools or data analytics” and
“uses a structured list format instead of continuous prose”, we saw no difference in any of the five pairs. We restated the
first name positively, as “focuses on technology, digital tools or data analytics” with the feature’s sign reversed (judge
fidelity 0.27, p < 107°), and labeled the ten evaluation pairs in which each of the two features differs most. We picked
the feature’s side in all 10 list-format pairs, and in all 6 technology pairs in which we picked a side. The same check on
the other names we interpret gave 10 of 10 for elaborate literary analysis, 10 of 10 for MultiPref’s substantive response
instead of refusal, and 6 of 6 for MultiPref’s detailed, comprehensive explanation, where we answered “neither” on the
other four pairs. An independent second coder labeled all 80 pairs blind; the two of us agreed on 81% (x = 0.72), and on

the 50 pairs where both picked a side, we picked the same side every time.

Fitting. The shared parameters use a ridge penalty of 1. Per-feature prior variances come from per-annotator estimates
of each feature’s deviation from the shared weight (damped Newton steps with a weak N(0, 1) prior), pooled by a
Paule-Mandel random-effects estimator; variances are floored at 0.005%. Personal position terms have a N (0, 0.5?)
prior and are split by turn. In the main results they are fitted jointly with the personal feature weights; the prior
variances, the learning curve, the analysis by kind of prompt and the minority analysis fit them first and hold them fixed,
which is slightly conservative for the feature weights. The permutation null for specificity comes from this sequential
fit, whose observed share is 73.7%. A few annotators’ Newton steps oscillate when estimating prior variances; for
those, the one-dimensional problem is solved exactly with a bounded scalar optimizer. The single-penalty robustness
checks replace the per-feature priors with one ridge penalty of 300 on every feature. TL;DR’s fit without position terms
chooses its penalty, also 300, by cross-validation on 20% of training turns. Beyond the five features whose spread across

annotators is significant, the next, concise lists of recommendations, has p = 0.002.

Evaluation. Intervals on gains for the shared layers come from 1,000 bootstrap resamples of held-out turns, and
intervals on per-annotator gains from 2,000 resamples of annotators (1,000 for the learning curve). Intervals on
annotators’ weights in Table 3 use 100 resamples of annotators, those on the shares opposed 300, and those on the

default’s lean 200 resamples of training turns. Person-specificity compares each annotator’s own departure with the
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average of 200 randomly drawn other annotators’ departures, among annotators with at least 10 held-out choices (at
least two of the given kind in Table 4). Its permutation null uses 2,000 random derangements of the departures (1,000 in
Table 4).

Whom the default works against. A feature qualifies when its name is valid and the 95% bootstrap interval of the
default’s lean d; excludes zero. The share opposed is ® (- sign(d;) (ad; + w; + p;)/7;), where y; and 7; are the pooled
mean and standard deviation of personal weights, with a 95% bootstrap interval over annotators. When 7; is zero,
everyone is on the same side as the crowd, and the feature is reported as shared opposition. The analysis was specified
before it was run; robustness checks use own prompts only, no personal position terms, and two random halves of the
annotators. For length, the share opposed is 5% and 6% in the two halves and 4.7% on own prompts. Annotators’ own

weights on the default score are pooled with a Paule-Mandel estimator.

The annotator in Figure 2. The rule, fixed before the figure was made, takes the annotator with the median gain from
the personal departure among annotators with at least 80 choices, at least 10 held-out choices, and at least one named

feature on which the direction of the personal departure is at least 80% certain.

Simulation. Simulated annotators are drawn from the fitted Community Alignment population (shared weights,
pooled spreads of personal weights and position tendencies), with 1,000 per condition, and choose by the conditional
logit on real Community Alignment turns. Random comparisons use turns as collected; chosen comparisons use the 10%
of turns in which the feature differs most, with candidates in random order. A third condition fits random comparisons

without position terms.

Position terms across turns. For the 822 annotators with at least four first and four later turns, we fit turn-split position
terms (relative to the first position) on all of an annotator’s turns, with the shared model as offset and the N (0, 0.5?)
prior. Across annotators, the first-turn and later-turn terms correlate at 0.43 for the second position, 0.43 for the third
and 0.59 for the fourth. Split-half reliabilities, from fitting each annotator’s terms on two halves of their conversations
and applying the Spearman-Brown correction, are 0.45, 0.44 and 0.77 on first turns and 0.54, 0.54 and 0.71 on later
turns, which gives corrected correlations of 0.87, 0.87 and 0.80. Within turns, the default score, centered within each
turn, averages +0.41, —0.21, —0.16 and —0.05 for the four positions on first turns with a supplied prompt, +0.28, —0.19,
—0.11 and +0.01 on first turns with the annotator’s own prompt, and +0.59, —0.12, —0.28 and —0.19 on later turns.
With position terms split by turn in the shared layers as well, the default adds 0.008 nats per choice [0.006, 0.011] over
position and the shared departure 0.073 [0.067, 0.079], 8.0 times the personal departure.

Figure 1. In panel (a), list format, which Table 3 omits, has a default’s lean of +0.003 and an annotators’ weight
of +0.090; each band is annotators’ weight plus or minus 1.28 times the estimated spread of personal weights, from
the per-feature priors estimated beyond position tendencies, which is 0.191, 0.098, 0.096, 0.086, 0.071 and 0 for the six
features from top to bottom. In panel (b), each share is a layer’s gain in log-likelihood per held-out choice divided by
the sum of all layers’ gains. For Community Alignment the gains are those of Table 2; fitted in the other order, the
personal departure adds 0.019 and the position tendency 0.023 beyond it (Section 5.3), which gives shares of 10% and
12%. In MultiPref they are 0.040 (shared position), 0.024 (default), 0.031 (shared departure), 0.003 (position tendency)
and 0.008 (personal departure); in TL;DR, with whole posts held out and no position terms, 0.020 (default), 0.045 (shared
departure) and 0.002 (personal departure).
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Table 3. Where the default leans on named features in Community Alignment, and where annotators lean, both in the scale of
annotators’ choices. The default’s lean is its within-turn regression weight on the feature, converted by the exchange rate, ad;
annotators’ weight adds the shared departure, ad + w. Brackets are 95% bootstrap intervals over annotators. The named features
account for 14% of the variation in the default score within a turn, so the default also rewards qualities that the features do not
describe.

Feature Default’s lean Annotators’ weight
is longer +0.018 +0.265 [0.245, 0.287]
provides specific, actionable details and direct +0.014 +0.188 [0.177, 0.201]
answers

focuses on abstract, philosophical or thematic —-0.023 —0.150 [-0.162, —0.137]
interpretations

discusses sustainability or the environment +0.005 —0.145 [-0.163, —0.125]
focuses on technology, digital tools or data ana- +0.012 —0.120 [—0.138, —0.108]
lytics

provides elaborate literary analysis instead of a +0.002 —0.048 [—0.058, —0.037]

concise answer

Table 4. Personal departure by the kind of held-out choice, measured beyond each annotator’s position tendency, with one departure
per annotator fitted on all training choices. Specificity is the share of annotators, among those with at least two held-out choices of
the kind, whose own departure predicts these choices better than the average of others’ departures.

Held-out choices Choices Personal departure [95% CI] Specificity
First turn, prompt supplied by the dataset 4,509 +0.019 [0.012, 0.025] 71%
First turn, annotator’s own prompt 1,829 +0.004 [—0.001, 0.010] 60%
Later turns, annotator’s own prompt 10,590 +0.007 [0.005, 0.009] 64%

Table 5. Recall / precision in identifying simulated annotators whom the default works against, from comparisons drawn at random
or from the 10% of turns in which the feature differs most. A simulated annotator is identified when the posterior probability that
their weight has the opposite sign to the default’s lean is at least 0.8. Percentages in the header are the simulated minorities. The
abstract-framing minority does not hold on own prompts.

Wants shorter answers (5.5%) Wants abstract framing (4.8%)

Comparisons ~ Random Chosen Random Chosen
25 2%/ 100% 37% 1 92% 0%/ - 2% / 100%
50 5%/ 100% 39% [ 94% 0%/ - 4% / 100%
100 13% / 88% 70% / 95% 0%/ - 9% / 80%
200 38% / 100% 77% / 95% 3%/ 100% 29% / 100%
400 43% / 100% 74% [ 98% 13% / 75% 64% / 91%
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Table 6. Robustness of the personal departure. The gain is in log-likelihood per held-out choice beyond the shared model and the
annotator’s own position tendency, except in the TL;DR row without position terms. Specificity is the share of annotators whose
own departure predicts their held-out choices better than the average of other annotators’ departures. The permutation null’s 95th

percentile is 58.6% for the main specification and 64.3% for TL;DR without position terms.

Specification Gain per choice [95% CI] Specificity
Main: Olmo 3, per-feature priors +0.0091 [0.0066, 0.0116] 74.8%
Shared model fitted on a disjoint half of the annotators ~ +0.0083 [0.0045, 0.0120] 76.4%
OLMo 2 default +0.0106 [0.0080, 0.0134] 77.0%
MultiPref +0.0084 [0.0041, 0.0130] 73.4%
TL;DR, whole posts held out +0.0023 [0.0003, 0.0049] 78.6%
TL;DR, whole posts held out, without position terms +0.0024 [0.0013, 0.0034] 80.0%
Single ridge penalty, autoencoder seed 0 +0.0036 [0.0026, 0.0046] 66.7%
Single ridge penalty, seeds 1 and 2 +0.0041, +0.0037 67.8%, 67.3%
Single ridge penalty, 16, 64 and 128 features +0.0036, +0.0030, +0.0025  69.9%, 67.1%, 66.5%
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