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Abstract

Although large language models (LLMs) are in-
creasingly used as annotators at scale, they are
typically treated as a pragmatic fallback rather
than a faithful estimator of human perspectives.
This work challenges that presumption. By
framing perspective-taking as the estimation
of a latent group-level judgment, we character-
ize the conditions under which modern LLMs
can outperform human annotators, including in-
group humans, when predicting aggregate sub-
group opinions on subjective tasks, and show
that these conditions are common in practice.
This advantage arises from structural properties
of LLMs as estimators, including low variance
and reduced coupling between representation
and processing biases, rather than any claim of
lived experience. Our analysis identifies clear
regimes where LLLMs act as statistically supe-
rior frontline estimators, as well as principled
limits where human judgment remains essen-
tial. These findings reposition LLMs from a
cost-saving compromise to a principled tool for
estimating collective human perspectives.!
Content warning: This paper contains exam-
ples of offensive or toxic language that some
readers may find disturbing.

1 Introduction

Capturing subjective human perspectives, particu-
larly those of specific demographic or cultural sub-
groups, is a foundational challenge in NLP, with di-
rect implications for evaluation, fairness, and safety.
Unlike factual labels, subjective judgments admit
no objective ground truth, as perceptions of toxicity,
offensiveness, or harm depend on lived experience,
social context, and individual bias (Sap et al., 2019,
2021). As a result, modern annotation pipelines
rely heavily on human judgments aggregated across
annotators, treating crowd averages as proxies for
group-level perspectives.

'Code and data, including LLM annotations, are available
at github.com/shasanamin/1l1lm-perspective-taking.

In practice, however, collecting high-quality, rep-
resentative annotations is often difficult or infeasi-
ble. Recruiting in-group annotators for every target
subgroup is costly, slow, and sometimes impossi-
ble, especially for small, intersectional, or hard-
to-reach populations (Davani et al., 2022; Sandri
et al., 2023). Consequently, many workflows turn
to perspective-taking (PT): asking annotators to
estimate how a group would judge an item, rather
than reporting their own view (Frenda et al., 2025;
Duan et al., 2025). Large language models (LLMs)
have recently emerged as natural candidates for this
role, given their ability to simulate personas, follow
instructions, and draw on broad training data (Wilf
et al., 2023).

Despite their growing use, a strong presumption
persists: LLLM-based annotation is, at best, a scal-
able compromise—useful when human annotation
is unavailable, but inherently inferior to “real” hu-
man perspectives. This paper challenges this estab-
lished view by reframing perspective-taking itself.
When the goal is PT, neither humans nor LLMs
observe the target quantity directly. Instead, both
are attempting to estimate the same latent group-
level mean: how a population would judge an item
on average. Once PT is framed as a problem of
statistical estimation, rather than measurement of
individual opinion, the comparison between hu-
mans and LLMs fundamentally changes.

We formalize PT as estimation of a latent group-
level judgment and decompose mean-squared error
into three structural components: bias, variance,
and correlation. To interpret these terms, we intro-
duce a two-lens view of estimation error. Repre-
sentation error (the Wide Lens) captures how well
an annotator’s knowledge reflects the target group,
while processing and calibration error (the Clear
Lens) captures how judgments are produced given
that representation. Crucially, estimation quality
also depends on variance across annotators and
on the correlation between their errors. For hu-
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mans, shared social context and identity can in-
duce high variance and strong correlations, as well
as a positive coupling between representation and
processing errors, leading to super-additive bias.
For LLMs, representation and processing can arise
from mechanically distinct stages (e.g., pretraining
vs. post-training vs. inference-time calibration),
often yielding lower variance and weaker coupling.

Guided by this framework, we evaluate humans
and LLMs as estimators of subgroup-level judg-
ments across two datasets. We find that mod-
ern LLMs can consistently outperform human
annotators—including in-group humans—at pre-
dicting aggregate subgroup judgments. This advan-
tage emerges most clearly in low-budget regimes,
where estimation error is variance-dominated, and
a single LLM output is found to often outperform
even small human crowds. Crucially, the advantage
does not come from LLMs possessing lived experi-
ence, but from more favorable estimator properties
under realistic annotation budgets.

Our analysis also reveals an unexpected empiri-
cal phenomenon: explicit ‘reasoning’ or chain-of-
thought (CoT) prompting can degrade LLM PT
performance. We find that reasoning induces a
systematic criterion drift, shifting the model from
estimating empirical group judgments toward ap-
plying a rubric-based classification standard, which
can partially counteract the structural advantages
of LLM-based estimation. We term this effect the
reasoning paradox, and provide a theoretical ac-
count that can explain why increased deliberation
need not improve—and can even harm—aggregate
perspective estimation.

Our results do not argue for replacing humans or
dismissing lived experience. Instead, they clarify
when LLMs can act as statistically superior estima-
tors of aggregate perspective—and when humans
remain indispensable, such as for highly specific or
intersectional subgroups, rare or underrepresented
populations, or contexts where stakeholder legit-
imacy and participation are themselves essential.
By making these regimes explicit, we move be-
yond ideological debates toward principled, task-
dependent annotation design.

This paper makes five key contributions:

» We formalize perspective-taking as estimation of
a latent group-level judgment, enabling princi-
pled comparison between humans and LLMs.

¢ We introduce a bias—variance—correlation frame-
work with a two-lens decomposition and a cou-

pling hypothesis that accounts for systematic hu-
man failure modes.

* We provide extensive empirical evidence that
LLMs can outperform humans—including in-
group humans—under realistic budgets, while
identifying clear boundary conditions.

* We derive actionable guidance for engineering
PT pipelines, including when to use LLMs,
when to use humans, and how prompting, model
choice, and reasoning affect outcomes.

* We introduce a differential perspective-taking di-
agnostic that isolates group-specific sensitivity
from generic annotation skill, revealing a regime
where human annotators retain advantage over
LLMs.

Taken together, our findings reposition LLMs in
subjective NLP tasks: not as a fallback for missing
human data, but as a potentially frontline estima-
tor of collective human perspectives—when used
carefully, validated rigorously, and deployed where
their structural advantages apply.

1.1 Related Work

Prior studies examine PT as a mechanism for elicit-
ing group judgments, highlighting both its benefits
and its distortions (Frenda et al., 2025; Duan et al.,
2025; Sandri et al., 2023; Aoyagui et al., 2025). We
extend this line by formalizing PT as a statistical
estimation problem.

Another line of work evaluates LLMs as anno-
tators, typically focusing on their agreement with
human labels (Li et al., 2025; Movva et al., 2024;
Calderon et al., 2025). In contrast, we frame the
problem through estimation efficiency and char-
acterize when different estimators are preferable.
Research on social reasoning shows that LLMs
perform strongly on theory-of-mind benchmarks
(Rabinowitz et al., 2018; Huang et al., 2023) but
also exhibit systematic social biases (Hagendorff
et al., 2023; Hu et al., 2025a). Our analysis decom-
poses how bias, variance, and correlation jointly
shape PT performance.

Recent work on persona prompting investigates
whether sociodemographic conditioning enables
LLMs to simulate individuals or groups, with
mixed empirical results (Sun et al., 2025; Lutz et al.,
2025; Orlikowski et al., 2025). Our framework
offers potential structural explanation: individual
simulation aims to recover the full within-group dis-
tribution, which is a more difficult target than our
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group mean estimation. Finally, work on pluralistic
alignment focuses on matching entire opinion dis-
tributions (Sorensen et al., 2024; Feng et al., 2024;
Lee et al., 2024). We view accurate mean estima-
tion as a foundational step, whose analysis naturally
extends to richer distributional objectives.

2 Perspective-Taking as Estimation

We frame perspective-taking not as a measurement
task, but as the statistical estimation of latent group-
level judgment. When asked how a group of hu-
mans would judge an item, neither humans nor
LLM:s directly observe the target quantity, and must
infer it from incomplete experience, priors, and the
elicitation protocol. This section formalizes this
view and presents testable implications. Full deriva-
tions and proofs are provided in Appendix B.

2.1 Target Quantity and Protocols

Let z € X be an item and g € G a (demographic)
group with population distribution Py. Let Y}, (x) €
[0,1] denote the direct judgment of a randomly
sampled group member h ~ P, on item z (e.g.,
x is toxic or not). The group-level perspective of
interest is the latent subgroup mean

f(x,9) £ Epop,[Ya()). (1

Direct annotation vs. PT. Direct annotation mea-
sures Y}, (x) for sampled individuals and aggregates
those measurements. PT instead elicits an estimate
f(x,g) of f*(x,g) from an annotator (human or
LLM). Because f* is latent, humans and LLMs
should be compared as estimators of the same quan-

tity, rather than as interchangeable label generators.

2.2 A Two-Lens Model of Systematic Bias

We decompose a single PT prediction fa (z, g) into
two bias components plus residual noise:

A

fa(z,9) = f*(2,9) + brepr,a(z, 9)
N———
Wide Lens
+ bproc,A ('1:7 g) +6A (:E? g), (2)
—_—————

Clear Lens

where A € {H, L} denotes Humans or LLMs and
Elea(z,g)] = 0.

brepr captures representation bias: how well
the estimator approximates the population distribu-
tion P, over individuals in the target group g, and
thus how accurately it estimates expectations under
h ~ P,. A Wide Lens reflects a smaller mismatch

between P, and the estimator’s implicit sampling
distribution over individuals in g. For example,
when estimating how Gen Z would judge the slang
term “slay,” an older annotator may overweight
their own social circle, misrepresenting the true
demographic mixture. LLMs often yield broader
coverage for common groups due to pretraining on
large-scale corpora.

bproc captures processing bias: how an internal
representation is translated into a numeric judg-
ment, i.e., the fidelity of the Clear Lens through
which the annotator renders a judgment. In the
aforementioned example, even if the older annota-
tor recalls a Gen Z example, they might mistakenly
project their own norms, interpreting the word as
violent rather than positive. LLMs also exhibit pro-
cessing distortions, but these errors tend to be more
stable and more readily modifiable.

Coupling and super-additivity. The two bias
components need not be independent. For hu-
mans, social identity and homophily often link
who is represented with how judgments are pro-
cessed, causing the biases to align in sign. Let
pa(z,9) = E[fa(z,g9) — f*(z,g)] denote the
total mean bias, which decomposes as u4 =
Hrepr,A T+ Hproc,As where Hrepr, A = E[brepr,A] and
Lproc.A = E[bproc,a]. Expanding the total squared
bias yields

Mi = M?epr,A + /”Lgroc,A +2 Hrepr,A Hproc, A, (3)
i

Coupling

In out-group PT, the coupling term is expected to be
positive, producing super-additive error. For LLMs,
representation errors (driven by pretraining cover-
age) and processing errors (driven by post-training
and inference-time prompting) may arise from me-
chanically distinct sources, potentially weakening
coupling or even having a subtractive effect.

2.3 Bias—Variance—Correlation Under
Aggregation

Let {fai(x,9)}%, be k exchangeable PT pre-
dictions produced by protocol A (e.g., k hu-
mans or k diversified LLM samples), and let

flgk)(ac,g) = %Zle fA,i(m,g). By definition,
MSE (f(k); x,g) = E[(f,gk) (z,9) - f*(wvg))z]’
which reduces to pa(x,g)? + Var (fﬁlk) (x,g)).
Define the centered residual 74,(z,9) =

failz,g) — f*(z,9) — pa(z,g). which ab-
sorbs both centered bias variation and noise.
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Let Va(z,g) = Var(rai(x,g)) denote per-
annotator residual variance and let y4(x,g) de-
note the exchangeable residual correlation, i.e.,
Corr(ra;,raj) = va fori# j. As shown in Ap-
pendix B, exchangeable-variance calculation gives:

MSE(fX“%%Q) = p1a(2,9)* +va(z, 9)Va(z, g)
Bias?
1—va(z,9)

+ TVA(%Q) “)

Reducible variance

Correlation floor

This decomposition makes explicit how bias, vari-
ance, and correlation jointly determine estimator
quality and yields a simple decision criterion: LLM
PT is preferable whenever MSE(f ék); z,9) <
MSE( _I(f ) ;x, g). This inequality highlights when
LLMs can move from fallback to frontline.

2.4 Predicted Performance Regimes and
Control Levers

The estimation framework yields four testable pre-
dictions that structure our evaluation.

H1: The Budget Regime Hypothesis. In low-
budget regimes (small k), MSE is dominated by
per-annotator variance. Since LLMs are rela-
tively deterministic under fixed prompting (V; <
Vr), LLM prediction should outperform human
annotation—including direct annotation involving
a broad group—by minimizing sampling noise. In
contrast, performance in high-budget regimes is
limited by bias and correlation floors, and naive
aggregation yields diminishing returns.

H2: The Coupling Hypothesis. In out-group
settings, human PT increases error not only by
enlarging bias magnitudes but by increasing posi-
tive coupling in Eq. (3), inflating i (z, g)? super-
additively. LLMs lacking social identity should
exhibit greater stability across crowd settings.

H3: The Representation Limits Hypothesis.
As target groups become more specific or less
prevalent, representation mismatch increases due
to sparse or stereotype-skewed training evidence,
enlarging |byepr,1. (%, ¢)| and hence |1, (x, g)|. This
increases LLM PT error, and delineates regimes
where human (in-group) knowledge could be po-
tentially advantageous.

H4: The Engineerability Hypothesis. Com-
pared to human annotation, LLM can be easier

to engineer for perspective-taking. Its error com-
ponents are mechanically distinct and can be selec-
tively influenced through model choice (primarily
brepr), prompting strategies and reasoning proto-
cols (primarily bproc), and diversification (primar-
ily vz). Consequently, LLM performance should
systematically improve or degrade by targeted in-
terventions.

3 Experimental Setup

We evaluate humans and LLMs as estimators of
subgroup-level judgments under the perspective-
taking-as-estimation framework. Our design com-
bines (i) a high-fidelity human PT benchmark with
dense subgroup annotation and (ii) a large-scale
safety dataset with rich demographic coverage, en-
abling controlled comparisons across annotation
budgets, group structure, and estimator regimes.
We briefly present experimental details here, defer-
ring a more elaborate treatment to Appendix C.

3.1 Datasets and Ground Truth

Toxicity Detection. We use the dataset of Duan
et al. (2025), which contains 120 online comments
balanced by target group and toxicity level. Each
comment receives direct annotations from at least
50 U.S.-based crowdworkers from the target sub-
group, each rating items for themselves (e.g., “Do
you find this comment toxic?”’). The mean of these
direct annotations within a subgroup defines the
ground-truth label f*(x,g) (Eq. 1), serving as a
high-fidelity proxy for the latent subgroup-level
toxicity rate. The dataset additionally includes
matched human PT judgments. We extend the
dataset beyond binary gender by collecting new PT
and direct annotations from non-binary participants
(N = 97) on Prolific. Crucially, direct annotators
and perspective-takers are entirely separate pools.
Perspective-takers, whether human or LLM, are
asked to estimate f*(x, g) (e.g., “What percentage
of {females, males, non-binary people} would find
this comment toxic?”’) without ever observing any
direct annotations or aggregate statistics.

DICES (Conversational Safety). We addition-
ally use DICES-350 (Aroyo et al., 2023), which
provides over 100 direct safety judgments per ex-
ample across multiple demographic axes. While
DICES does not include human PT, its dense an-
notation structure enables precise subgroup-level
estimation and allows us to probe LLM PT be-
havior under increasing demographic breadth and
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heterogeneity. We use DICES to study regime be-
havior and boundary conditions rather than direct
human-LLM comparisons.

3.2 Estimators and protocols

We consider three annotation protocols: (i) di-
rect annotation by subgroup members, (ii) human
PT (in-group/out-group), and (iii) LLM PT, where
models are prompted to estimate subgroup-level
judgments under instructions aligned with human
protocols. LLM PT is out-group by design and
never given access to aggregate statistics. LLM
PT, like human PT, outputs the estimated mean
fraction. We evaluate a diverse set of contempo-
rary LL.Ms across model families, scales, and in-
ference strategies. Specifically, we evaluate mod-
els from four families (GPT, Qwen, Gemma, and
DeepSeek) ranging from 1B parameters to frontier
scale. For the pretrained vs. post-trained models
analysis (Appendix D.4), we additionally evalu-
ate matched model pairs from Ministral 3. For
reasoning-enabled variants, we use each model’s
native reasoning mode rather than manually ap-
pended chain-of-thought instructions. All models
are queried zero-shot, unless noted otherwise.

3.3 Evaluation Criteria

We treat the mean of direct human annotations per
subgroup as the gold standard and evaluate esti-
mators using mean squared error (MSE), bias, and
variance. To reflect realistic annotation budgets, we
use bootstrapping to simulate k-annotation regimes
(k = 1 to 10), applying identical procedures to
human and LLM estimators. Each reported metric
is the average over B=1,000 bootstrap resamples,
ensuring stable estimator comparisons that do not
depend on any single annotator draw.

4 Evaluation I: When Do LLMs (Not)
Excel at Perspective-Taking?

We first evaluate the comparative advantage of
LLMs across different budget regimes (k) and de-
mographic granularities. Each subsection directly
tests a hypothesis from Section 2.4. We restrict
LLM PT results to popular GPT models here. See
Appendix D for additional models and ablations.

4.1 Validating the Budget Regime Hypothesis

LLM vs Human (k = 1). Many practical anno-
tation pipelines rely on a single pass per item, i.e.,
a single annotator regime. We compare a single
zero-shot LLM against a single human annotator
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Figure 1: Single-annotation (k=1) error decompo-
sition for three GPT variants vs. human baselines on
Toxicity Detection. LLMs achieve lower MSE (top)
across all gender subgroups, driven by lower bias (mid-
dle) and substantially lower variance (bottom).

(see Figure 1). Across all gender groups in the
Toxicity Detection dataset, the single LLM con-
sistently achieves lower error. This directly vali-
dates the low-budget variance-dominance predic-
tion of H1: individual humans are noisy estimators
(large Vi) of the group mean, whereas LLM PT
is comparatively deterministic (V; < V). De-
composing MSE further reveals that LLM PT also
dominates human PT in the bias component. Inter-
estingly, human perspective-takers systematically
underestimate the fraction of the target group that
would judge content as toxic (negative bias). LLM
perspective-takers have lower bias, and some even
tend to overestimate it (positive bias), which could
indicate conservative safety calibration.
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Figure 2: MSE vs. annotation budget & for the female
subgroup. A single LLM PT estimate (k=1) is compa-
rable to aggregating 3-5 direct human labels.

LLM Ensembles vs. Human Crowds (k > 1).
We next examine how performance scales with the
annotation budget k& (Figure 2). As k increases, hu-
man PT improves rapidly at first but soon plateaus,
consistent with a non-trivial correlation floor af-
ter accounting for bias. In contrast, homogeneous
LLM ensembles (multiple samples from the same
model) show only modest gains, consistent with
near-deterministic behavior (V7, small) rather than
necessarily high inter-sample correlation.

Outperforming Single-Annotator Baselines. A
striking consequence of HI1 is that a single LLM
PT estimate can outperform a single direct human
annotation. While direct annotators are unbiased
with respect to their own judgment, they are high-
variance (k = 1) samples from the population
defining f*(z,g). Formally, at k=1 a single di-
rect annotation Y, has MSE = Vietero(, g) (the
within-group heterogeneity, since E[Y}] = %),
while a single LLM PT estimate has MSE =
p2 + V. Hence LLM PT is the superior single-
annotator estimator whenever ,u% + VI < Vheteros
i.e., when LLM bias and variance together are
smaller than the population spread. Empirically,
a single LLM PT estimate is found comparable to
aggregating 3—5 direct human labels. This result
highlights an often-overlooked implication: when
ground truth is estimated from a small number of
human annotations, LLM-generated estimates can
be the statistically preferable choice until sufficient
human replication is available.

4.2 Validating the Coupling Hypothesis

In-group vs. out-group human PT. Figure 3
compares in-group and out-group human PT. Out-
group PT exhibits a pronounced error increase,
especially when female annotators predict male
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Figure 3: In-group vs. out-group human PT com-
pared to LLM (GPT-OSS:120B) PT, predicting male
(solid) and female (dashed) judgments. Out-group hu-
man PT incurs a pronounced error increase, consistent
with super-additive coupling, while the LLM remains
comparatively stable across target groups.

judgments. This asymmetry is consistent with the
coupling mechanism in Eq. (3): identity mismatch
simultaneously distorts representation and process-
ing, inflating 4%, super-additively. The effect is
weaker when male annotators predict female judg-
ments, consistent with differing bias magnitudes
across groups. While out-group challenges feel
intuitive, our framework provides a structural ac-
count of such mechanism.

LLM stability. LLM PT is out-group by con-
struction, yet its error remains comparatively stable
across target groups. This supports H2’s prediction
that mechanically decoupled representation and
processing reduce sensitivity to identity mismatch,
making LLMs particularly robust when in-group
human recruitment is infeasible.

4.3 Validating the Representation Limits
Hypothesis

We now test regimes where LLM PT should deteri-
orate due to representation mismatch. We concep-
tualize demographic groups as nodes in an inclu-
sion tree, where depth corresponds to specificity
(¢’ C g, e.g., “college-educated, black women” is
a more specific group than “college-educated peo-
ple”) and width at the same depth corresponds to
prevalence 7(g) (e.g., within US, “White” race is
more prevalent with larger 7(White) compared to
“Asian”). We use the DICES dataset here, focus-
ing exclusively on LLM PT behavior due to the
absence of human PT annotations.

Group specificity (depth). As groups become
more specific, LLM conditioning increasingly re-
lies on sparse evidence. Figure 4 shows a mono-
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Figure 5: Effect of subgroup prevalence on LLM
(GPT-0SS:120B) PT error on DICES (race axis). MSE
generally rises as the target becomes less prevalent.

tonic increase in LLM (GPT-OSS:120B) PT error
with subgroup depth. This trend is consistent with
increasing |brepr, 1| dominating the error, as pre-
dicted by H3.

Group prevalence (width). Low-prevalence
groups pose a complementary challenge. As 7(g)
decreases, LLMs can suffer representation mis-
match due to limited or stereotype-skewed training
signal. Figure 5 shows that performance worsens
for minority demographics (e.g., Black vs. White).
This aligns with established findings on LLM fair-
ness (Sap et al., 2019) and, crucially, helps identify
the structural boundary of the “frontline” claim.

5 Evaluation II: On The Engineerability
of LLM Perspective-Taking

Evaluation I established when LLMs outperform
humans as estimators of subgroup-level judgment.
Here we examine how this advantage arises and
which components of error can be controlled, help-
ing validate the Engineerability Hypothesis (H4)
from Section 2.4. Guided by the bias—variance—
correlation decomposition (Eq. 4), we organize in-
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Figure 6: Impact of model family and scale on single-
annotation (k=1) PT for the female subgroup. Cross-
model differences in MSE (top) are dominated by bias
(middle), with variance (bottom) remaining small.

terventions by whether they primarily affect the
Wide Lens (representation bias), Clear Lens (pro-
cessing bias), or the correlation floor.” Results
here focus on the female subgroup, with additional
groups and robustness checks in Appendix D.

5.1 Wide Lens: Model Family and Scale

To probe representation effects, we compare LLMs
spanning model families and scales under an iden-
tical PT protocol. While model choice is not a pure
manipulation of representation bias, it serves as
an empirically grounded proxy for representational
fidelity via differences in pretraining coverage, ca-
pacity, and training regime. Figure 6 shows that
model family and scale induce large differences
in MSE, sufficient to reverse whether LLM PT
outperforms human PT. While bigger models gen-
erally outperform weaker ones, improvements are

%As soft evidence that Wide and Clear Lens errors arise
from mechanically distinct training stages, we also con-
duct matched pretrained vs. post-trained comparisons (Ap-
pendix D.4). Post-training collapses variance by an order of
magnitude alongside generally increasing absolute bias. While
this does not separately measure representation and process-
ing bias, it shows that total bias rises through post-training,
directionally consistent with the two-lens view.
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binary subgroup: for four base-reasoning pairs, en-
abling native reasoning (hatched) shifts systematic bias
away from ground truth, consistent with criterion drift.

not monotonic: mid-sized models from one family
can outperform larger models from another. Error
decomposition reveals that these differences are
primarily driven by bias, with variance remaining
comparatively small across models.

5.2 Clear Lens: Prompting and Reasoning

We next test whether processing bias can be mod-
ified without changing representation. We fix
the model (GPT-OSS:120B) and use a controlled
prompting ladder of increasing structure: L1 (ques-
tion only), L2 (+ definition), L3 (+ levels), L4 (+
examples); see Appendix C.3 for complete details.
Figure 7 shows that prompting can substantially
shift both MSE and bias. Importantly, this is not
a monotonic “more structure is better” result: dif-
ferent prompts reweight how beliefs are translated
into numeric estimates. Thus, prompting acts as
a calibration mechanism that reshapes by,oc rather
than universally reducing error.

The Reasoning Paradox. Reasoning-enabled in-
ference modes do not reliably improve PT accuracy,
and can in fact substantially worsen it. As shown in
Figure 8, explicit reasoning can induce larger sys-
tematic bias, especially for a harder subgroup like
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Figure 9: Cross-family model mixing at the large-
model tier on the female subgroup. Mixing across
families (dashed/dotted) yields consistent but modest
error reduction relative to each model’s k=1 baseline
(solid). Nonetheless, mixtures often remain inferior to
the strongest single model.

non-binary people. The effect is model-dependent,
and analysis of reasoning traces (Appendix D.5)
suggests that the dominant mechanism is criterion
drift: reasoning drifts models away from estimating
the empirical group toxicity rate toward applying
a rubric-based classification standard, producing a
systematic shift whose sign effect depends on the
base model’s pre-existing bias. Identity-mediated
‘re-coupling’ between representation and process-
ing (cf. Section 2.2) is one pathway for this drift,
although not the main driver in our inspected traces.

5.3 Correlation: Mixing and Temperature

We next test interventions aimed at diversification,
for lowering the correlation floor 7, V7, in Eq. 4.
We study two common diversification mechanisms:
(i) model mixing (aggregating predictions from
different models), and (ii) femperature (increas-
ing sampling randomness within a single model).
Mixing similar-sized models across families yields
modest but consistent error reductions (Figure 9),
whereas mixing within a family across sizes (Fig-
ure A8) or increasing temperature (Figure A6) pro-
vides limited gains. These findings suggest that cor-
relation engineering is secondary in many regimes.

6 Discussion and Conclusion

This work challenges the prevailing assumption
that LLM-based annotation is merely a cost-saving
approximation of human judgment. By reframing
perspective-taking (PT) as statistical estimation of
a latent group-level quantity, we show—both the-
oretically and empirically—that humans are not
always the best available estimators of aggregate
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group perspectives. Rather than treating LLMs as
a pragmatic fallback, our results clarify when, why,
and how LLMs can act as statistically preferable
frontline estimators—and where human annotation
remains essential.

Reframing the comparison. Much of the dis-
comfort around LLM-based annotation stems from
an implicit category error: humans are evaluated as
sources of lived, individual judgments while LLMs
are evaluated as predictors of aggregates. Once
both are compared as estimators of the same latent
target f*(x, g), the question shifts from authentic-
ity to estimation quality under constraints. Our
bias—variance—correlation framework makes this
comparison explicit, principled, and testable.

When LLMs are likely to be optimal. LLMs
dominate when (i) the target group is broad or inter-
nally heterogeneous, where even in-group humans
suffer Wide Lens error; (ii) annotation budgets are
small, making performance variance-dominated
and LLM stability (V, <« Vp) decisive; and/or
(iii) humans are recruited out-of-group, inducing
coupled representation and processing bias that am-
plifies systematic error. In these regimes, LL.Ms
achieve lower error through low variance, weaker
coupling, and engineerable calibration.

When humans are likely to remain superior.
Human annotation remains indispensable when (i)
the group is deep, specific, and cohesive—making
lived experience highly informative and representa-
tion bias small—and/or (ii) the group is sufficiently
low-prevalence that LLM conditioning relies on
sparse or stereotype-skewed evidence. Our differ-
ential perspective-taking analysis (Appendix E.2)
provides direct evidence for this boundary: on
the male vs. non-binary contrast, human PT sig-
nificantly outperforms most LLMs at capturing
per-item group differences, confirming that lower-
prevalence groups remain a genuine frontier where
LLMs lag. Importantly, some contexts also demand
procedural legitimacy: in high-stakes or normative
settings, direct stakeholder adjudication may out-
weigh purely statistical considerations. Our results
do not contest this but clarify where statistical opti-
mality and social legitimacy diverge.

Estimation-aware engineering. A core impli-
cation of our analysis is that annotation quality
is not fixed. Practitioners can target specific er-
ror terms rather than indiscriminately collecting
more labels. While humans are also engineerable in

spirit, the levers are asymmetrical: many LLM in-
terventions are fast and scalable once an evaluation

protocol exists, whereas human improvements—
while powerful—are often slower, costlier, and
access-constrained. Model choice primarily deter-
mines representation bias, prompt design reshapes

processing bias, and diversification can reduce cor-
related error (though likely with limited returns).
Notably, explicit reasoning can backfire, as it can
introduce a systematic criterion drift whose impact
depends on the direction of the base model’s bias.

From mean to distributional objectives. Our
framework targets the population mean, which is
the operationally relevant quantity in many annota-
tion pipelines. However, for applications requiring
pluralistic representation, such as capturing the full
topology of disagreement within a group, distribu-
tional objectives are important complementary tar-
gets. Our bias—variance—correlation decomposition
extends naturally to other summary statistics (me-
dian, quartiles) and, in principle, to distributional
targets. Accurate mean estimation is a foundational
first step, since an estimator that misses the mean
is unlikely to recover higher moments.

Complementarity, not replacement. Our find-
ings motivate a reallocation of effort: LLMs shoul-
der aggregate estimation in variance- and coupling-
dominated regimes, freeing scarce human expertise
for cases requiring contextual nuance, participatory
grounding, or legitimacy. Seen through this lens,
LLM:s are not substitutes for lived experience, but
tools for estimating its aggregate structure more sta-
bly and at scale. Additionally, if an LLM stabilizes
around a biased estimate, this low-variance-around-
wrong-mean stability can reinforce representational
monoculture, underscoring the need for subgroup-
aware validation and periodic human auditing even
when LLMs serve as frontline estimators.

Final takeaway. Our core contribution is not the
claim that LLMs are universally better annotators,
but the demonstration that, once PT is treated as
estimation, we can answer the important question
of who is the better estimator under specific con-
ditions? By making that question precise, and op-
erational, we show how LLMs can move, in well-
defined settings, from fallback to frontline, while
clarifying where humans remain essential. The fu-
ture of perspective-taking lies not in competition
between humans and LLMs, but in their principled,
complementary integration.
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Limitations

This work has several limitations that delineate the
scope of our claims.

Dependence on representation quality. Our
framework makes explicit that LLM performance is
constrained by representation bias. When subgroup
evidence is sparse, highly specific, or distorted in
training data, LL.M-based perspective-taking can
deteriorate despite low variance. While our exper-
iments identify such regimes, real-world use still
requires subgroup-specific validation, particularly
for emerging identities or rapidly shifting social
contexts.

Scope of tasks and domains. We focus on tox-
icity and conversational safety, where aggregate
judgments are well-defined and densely anno-
tated. Although the estimation framework is gen-
eral, empirical results may not directly transfer to
tasks where perspectives are more contested, multi-
dimensional, or normatively grounded (e.g., moral
or policy judgments). Extending the analysis to
such settings remains an important direction for
future work. In more contested domains (e.g., po-
litical orientation, aesthetic preference, cultural val-
ues), LLM representation biases may be amplified
by long-tail distributions in training data, and the
“frontline” claim should not be extrapolated without
domain-specific validation.

Estimator-centric evaluation. We evaluate es-
timators against aggregate human judgments as
proxies for the latent target f*(x,g). This stan-
dard choice abstracts away intra-group disagree-
ment and deliberative dynamics. Our results there-
fore address estimation accuracy rather than the
full richness of social meaning-making.

Model and protocol dependence. While we
study a diverse set of models and prompting strate-
gies, LLM architectures and alignment techniques
are rapidly evolving. Some findings, particularly
those concerning reasoning-enabled variants, may
change as models and alignment techniques im-
prove. Accordingly, our conclusions should be
read as structural insights about estimator behavior,
not as immutable properties of specific models.

Overall, these limitations do not undermine the cen-
tral contribution of the paper, but rather clarify the
conditions under which estimation-based (LLM)
perspective-taking is most informative and reliable.

Ethical Considerations

This work engages with considerations around rep-
resentation, fairness, and automation in subjective
judgment.

Risk of misrepresentation. LLMs inherit bi-
ases from their training data and may misestimate
perspectives of marginalized or low-prevalence
groups. Our analysis explicitly identifies these fail-
ure modes and the regimes where human judgment
remains essential. Using LL.M-based perspective-
taking without subgroup-aware validation risks re-
inforcing existing inequities.

Procedural legitimacy and participation. Sta-
tistical optimality is not always sufficient. In many
high-stakes or normative settings, ethical legiti-
macy requires direct participation from affected
communities. Our results do not argue for replacing
such participation, but for clarifying when LLMs
can responsibly support aggregate estimation with-
out displacing human agency.

Misuse and overgeneralization. LLM-based
perspective-taking may be overextended beyond
its validated scope, for example to justify decisions
about groups lacking adequate representation. We
therefore emphasize transparent reporting of an-
notation protocols, explicit documentation of sub-
group coverage, and conservative use in sensitive
applications.

Responsible deployment. We recommend hy-
brid annotation pipelines that combine LLM-based
estimation with periodic human auditing. Such ap-
proaches leverage the stability and efficiency of
LLMs while preserving accountability, inclusivity,
and adaptability.

Overall, LLMs are not substitutes for lived experi-
ence, but tools whose ethical use depends on align-
ment between statistical objectives, social context,
and human oversight.
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A Extended Related Work

Perspective-taking and subjective judgment.
Prior work studies PT as a mechanism for eliciting
judgments about how groups would respond, high-
lighting both its utility and distortions, particularly
in out-group settings (Frenda et al., 2025; Duan
et al., 2025; Sandri et al., 2023). Recent HCI work
further analyzes how humans and LLMs differ in
the perspectives they invoke in subjective decision-
making, showing reliance on differently weighted
perspective distributions (Aoyagui et al., 2025). We
advance this line by formalizing PT not merely as
opinion elicitation, but as statistical estimation of
a latent group-level judgment, enabling principled
comparison of human and model estimators.

LLMs as annotators and replacement. Several
studies evaluate LLLMs as annotators or judges (Li
et al., 2025), focusing on agreement with human la-
bels and conditions for replacing human annotators.
Movva et al. (2024) show that LLMs can approxi-
mate crowd averages for conversational safety but
struggle with fine-grained between-group differ-
ences. Calderon et al. (2025) propose a statistical
alternative annotator test to justify LLLM replace-
ment using limited labeled data. In contrast, we
analyze estimation efficiency, characterizing when
LLMs or humans constitute the superior estimator.

Social reasoning and identity bias. LLMs per-
form strongly on social reasoning and theory-of-
mind benchmarks (Rabinowitz et al., 2018; Wang
et al., 2021; Huang et al., 2023), yet exhibit system-
atic social identity biases and human-like reason-
ing distortions that vary across models and training
regimes (Hagendorff et al., 2023; Hu et al., 2025a).
We build on these insights by decomposing how
bias, variance and correlation interact in PT estima-
tion, including regimes where increased reasoning
can counterintuitively degrade performance.

Persona-LL.Ms and sociodemographic prompt-
ing. A growing body of work investigates prompt-
ing LLMs with demographic personas to simu-
late individual-level opinions. Several studies re-
port mixed or negative results for such sociodemo-
graphic simulation: Sun et al. (2025) find that per-
sona prompting does not reliably improve predic-
tion of individual subjective judgments, and Lutz
et al. (2025) show that persona-based elicitation
produces inconsistent alignment with human sub-
group responses. Orlikowski et al. (2025) fine-tune
LLMs to behave as individual annotators and report
that demographic features alone are insufficient pre-
dictors. Our framework offers a possible explana-
tion for these mixed findings: individual simulation
implicitly requires approximating the full within-
group distribution of judgments, whereas our task
targets just the subgroup mean—a fundamentally
easier estimation target. Joshi et al. (2025) find that
psychologically-scaffolded rationales outperform
default chain-of-thought for persona prediction, a
pattern consistent with our reasoning paradox: un-
structured reasoning may degrade group-level esti-
mation by re-coupling representation and process-
ing errors, while structured reasoning grounded in
external frameworks can help. Meister et al. (2025)
find that LLMs more accurately describe opinion
distributions than simulate them via role-play, con-
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sistent with our protocol of directly eliciting group-
level statistics rather than role-playing individuals.

Pluralistic alignment and distributional objec-
tives. A complementary line of work targets
matching the full distribution of human opinions
rather than a single summary statistic. Sorensen
et al. (2024) chart a roadmap for pluralistic align-
ment, and Feng et al. (2024) propose multi-LLM
collaboration to represent diverse viewpoints. Lee
et al. (2024) demonstrate system-message-based
generalization for aligning to thousands of user
preferences, while Hu et al. (2025b) develop
population-aligned persona generation for social
simulation. We see mean estimation as a founda-
tional first step in this broader agenda: if an estima-
tor cannot accurately recover the first moment, dis-
tributional fidelity is unlikely. Our bias—variance—
correlation decomposition provides formal vocab-
ulary for reasoning about estimator quality that
naturally extends to other summary statistics and
distributional targets.

B Theory

This appendix develops a precise theoretical frame-
work for when LLMs can outperform humans at
perspective-taking annotation, i.e., predicting the
group-mean judgment f*(z, g) for an item x and a
demographic group g. We provide: (i) a Wide Lens
(representation) model via latent subcommunity
mixtures, (ii) bias—variance—correlation decompo-
sitions for aggregated human and LLM estimators,
(iii) a careful treatment of coupling between Wide
and Clear Lens errors (mean-level vs variance-
level), and (iv) asymptotic error floors and a su-
periority criterion.

B.1 Problem Setup

Let P, denote the (conceptual) population of hu-
mans in group g, distributed as P,. For h ~ P, let
Yy (z) € [0,1] be h’s direct judgment. The target
group perspective is:

Definition B.1 (Target quantity).

[ (x,9) & Epep,[Ya(a)]. ©)

Perspective-taking methods (human or LLM)
output f(x, g) and are evaluated by

MSE(f:.9) 2 E|(f(z.9) = f(z.9))*| . ©)

where the expectation ranges over annotator iden-
tity / sampling randomness.

B.2 Wide Lens via Latent Mixtures

We model demographic groups as mixtures over la-
tent subcommunities that can differ systematically
in judgments.

Assumption B.2 (Latent subcommunity mixture).
For each group g € @, there exists a finite or
countable set of latent subcommunities C, and mix-
ture weights w9 = (wf)cec,. with wg > 0 and
3. w? = 1. Each subcommunity ¢ has mean judg-
ment

fi(z,g) & E[Ya(x) | hed. (7

Then

fr(wg) = Y wl fi(z,g). ®)

ceCy

Definition B.3 (Within-group heterogeneity).

Z wi (fx(x,9) - f*(a:,g))Q,
c€Cy
©)

Anneotator-internal mixture. An annotator (hu-
man or LLM) may implicitly reason about g us-
ing an internal mixture q%* = (¢'*)ccc, with
>, ¢2" = 1. Define the Wide Lens Effect, a repre-
sentation bias capturing how a’s mental model of
group g misweights sub-communities, as:

Vhetero (.T, g) £

3 (g8 —wd) fi(z,g). (10)

ceCy

bw(-ﬁ,g; a) £

Assumption B.4. For any (z, g) and any a under
consideration, if g2’ > 0 then w? > 0. Equiva-
lently, q9°“ is absolutely continuous with respect to
wY.

Assumption B.4 excludes degenerate cases
where a sample assigns positive mass to a subcom-
munity that does not exist in the target population;
without it, the x? divergence below can be infinite
and the bound becomes vacuous. This assumption
is natural for humans, who sample from lived ex-
perience. For LLMs, however, hallucinated stereo-
types can assign g. > 0 to fictitious subcommuni-
ties where w, = 0, causing the x? divergence to
explode. This formalizes a structural limit of LLM-
based PT: when representation relies on fabricated
evidence, the Wide Lens bound breaks down en-
tirely, providing a theoretical manifestation of the
Representation Limits Hypothesis (H3).
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Human Annotator
(“Lived” Estimator)

LLM Annotator
(“Learned” Estimator)

Key Insights

Target [*(z,9) =
En~p, [Ya()]

Estimate via social sampling and
introspection.

Estimate via learned statistical reg-
ularities and instruction following.

Both are imperfect estimators of
the same latent subgroup mean.

Bias

l/Lproc)2

Representation (Wide Lens):
Sampling bias; lived experience
samples a local neighborhood, mis-
weighing latent subcommunities.
Processing (Clear Lens): Cog-
nitive bias; distortions converting
belief to numeric judgment; rela-
tively hard-coded by psychology.
Coupling: Identity (homophily)
can link representation and pro-
cessing errors, yielding super-
additive bias.

(,U«rcpr +

Representation (Wide Lens):
Data bias; broad but imperfect cov-
erage from pretraining; risky inter-
polation for sparse groups.
Processing (Clear Lens): Mod-
eling bias; distortions from align-
ment and safety constraints; rela-
tively modifiable via prompting.
Coupling: Pretraining and post-
training errors are mechanically
distinct mechanisms, yielding
weaker or mixed-sign interaction.

LLMs trained on vast subgroup
data that are relatively immune to
human-like cognitive biases can
outperform humans.

Persistent gap even at large bud-
gets indicates a bias advantage; of-
ten the case for broad groups or
out-group human PT.

Reasoning paradox: Explicit
“thinking” (CoT) in LLMs can in-
duce criterion drift, shifting the
model from distributional estima-
tion to rubric-based classification
and increasing bias.

Variance V' High noise for single annotators
(k = 1) due to individual dif-
ferences, mood, fatigue etc.; de-

creases with aggregation.

Low noise for a single model un-
der fixed prompting; additional
gains from ensembling are often
modest.

Low-budget regime: A single
LLM can outperform a single hu-
man and rival small human crowds,
even for direct annotation.

Correlation floor: Correlation
from shared culture, platforms and
norms; difficult to engineer away.

Correlation ~

Engineerable floor: High correla-
tion from shared data and model ar-
chitectures; partially engineerable.

Human advantage at scale: Hu-
man crowds benefit more from ag-
gregation, yet can plateau in PT.

Decision Rule LLMs excel when Bias? +vyz, V7, +

1 e S Bias% 4y Vir+2 — Vg ; typical for large heterogeneous

groups where LLM calibration and diversity can be engineered. Humans remain preferable when groups
are deep and cohesive while LLM conditioning is sparse or stereotype-skewed.

Table Al: Bias—Variance—Correlation View of Human vs. LLM for Perspective-Taking. Wide Lens, Clear Lens,
and Coupling form a bias decomposition; variance and correlation govern how performance scales with budget.
This offers an overview of when and why LLMs can move from fallback to frontline through PT-as-estimation lens.

Lemma B.5 (Representation bias bound). Under
Assumptions B.2 and B.4,

bW(xag; a)2 < Vhetero(x7g) : XQ(qg’a H Wg),
(11)

where

alw) = (12)

Z (CIC :Uwc)2

ceCy ¢

Proof. Fix (z,g) and suppress them in notation.
By (8), f* = wcfZ. Start from (10):

bw = Z(QC - wc)fc*
= (ge—we)(fF = 1), (3

where the second equality uses > (¢ — w.) = 0.

Define ue £ %22 and ve £ /we (f — f*).

Then (13) implies by = > ucv.. By Cauchy—

Schwarz,

o= ()5

C C

= (C Y (St - 1?)

= X2(q H W) - Vheteros

(14)

where the last equality uses (9). O

Lemma B.5 cleanly separates intrinsic group
diversity (Vietero) from representation mismatch
(x?). Heterogeneity alone is not an irreducible error
term; it becomes error only through mis-weighting.

B.3 MSE Decomposition

B.3.1 Human Perspective-Taking

Per-annotator model.

Let ¢ index a human

perspective-taking annotator. Assume a single hu-
man prediction admits the decomposition

fH($,g;a) :f*($7g) +bW,H($7gva)+
be,u(z, gsa) +en(x, g;a), (15)
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Symbol Meaning

reX,geG item and target group

P, population distribution over humans in group g
Yi(x) € [0,1] direct judgment of item x by human h
(z,9) target group-mean judgment

bw,m,bc,m human Wide/Clear Lens bias components
bw,r, bc,L LLM Wide/Clear Lens bias components

W H , WCH mean human Wide/Clear Lens biases

UW,L, UC,L mean LLM Wide/Clear Lens biases

MH = UW,H + UC,H

KL = UW,L + pC,L

TH,TL

Ve = Var(rH), Vi = Var(rL)
YH> YL

n, m

total mean human bias

total mean LLM bias

zero-mean residuals after removing mean biases
per-annotator residual variances (variance at n=1/m=1)
exchangeable residual correlations

# humans / # LLM samples in an aggregate

Table A2: Summary of theoretical quantities.

where bw m(z,g;a) is the Wide Lens bias (10);
bc.m(x,g;a) is the Clear Lens or cognitive bias,
capturing projection, anchoring, and other system-
atic distortions in translating beliefs into numeric
predictions; and ep(x,g;a) is stochastic noise
reflecting within-person variability and response
noise with Eleg(x, g;a)] = 0.

Assumption B.6 (Noise orthogonality). For each
annotator type A € {H,L}, the noise term
ea(x,g;a) is uncorrelated with both bias com-
ponents: Cov(bw a,e4) = Cov(bc,a,e4) = 0.
This is natural when €4 captures within-person
response noise (moment-to-moment variability,
rounding, fatigue) that is independent of the sys-
tematic biases arising from representation and pro-
cessing.

Define mean bias components
pw, (2, g) = E[bw # (2, g; a)],
pe,u(x, g) = Elbe u (z, g; a)],

and pupr (2, 9) = pw,m(r,9) + po,m(x, g).
Define the human residual

ru(z,g;a) £ (bw,a—pw,u )+ (bo,x—po,u)+en, (16)
and Vi (z, g) £ Var(ry(z, g; a)).
Aggregation and correlation. For n exchange-
able annotators ay, ..., a, (i.e., marginally iden-

tically distributed with common pairwise covari-
ance), define

—(n 1 e »
fi(.9) =~ Fule.giar).  (17)
i=1

Assume exchangeable correlation:

Cov(ru(w,g;a:),ru(x,g;a;)) = yu(z, g) Va(z, g),
(18)

where i # j.

Interpretation of vy. Exchangeability (rather
than independence) is the modeling choice here:
real human annotators drawn from the same cul-
tural milieu share norms, media exposure, and cog-
nitive frames that induce residual correlation be-
yond what is captured by the mean bias . When
vg > 0, aggregation cannot eliminate all variance
even as n — 00, producing the irreducible “socio-
logical floor” ~g V. For homogeneous LLM sam-
ples from a single model at fixed temperature, vz,
may be near zero (temperature sampling is approx-
imately independent), but across models sharing
training data, residual correlation can be nontrivial.

Lemma B.7 (Bias of aggregated human estimator).

E| /i) (@,9) = F(2.9)| = pulw,g).  (19)

Proof. From (15) and (16), fur — f* = pu +ry
with E[rg] = 0. Averaging and applying linearity
of expectation yields (19). O

Lemma B.8 (Variance of aggregated human esti-
mator). The variance Var(fg) (x, g)) can be de-
composed as:

%VH(% 9) (L =yu(z,9)) +vu(z,9)Vu(z, g).
(20)

Proof. Using fl(}l) -/ =
where 7 = rg(x, g a;),

1 n
pE + 5> i TH

Var( —1(;)) = Var ;iﬁﬂ (21)
i=1
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We can further expand above variance as:
1 n
3 ( Z Var(rm,;) + Z Cov(rm.i, rHJ))
i=1 i#j

= (Wi +n(n— 1)y Vi)

n—1

1
= EVH + YuVH

n

1
= EVH(l — 1) + 8V, (22)

where (x, g) dependence is suppressed for readabil-
ity. O

Corollary B.9 (Aggregated human MSE).

MSE( fir; xag> = pr(2,9)* + v (2, 9)Vir(z, 9)

1
+ ﬁVH(%g)(l —vu(z,9)).
(23)

Proof. By definition, MSE = (E[‘};) _
f*])2 + Var( _I(L}I)). Apply Lemma B.7 and
Lemma B.8. ]
B.3.2 LLM Perspective-Taking

Per-sample model. Let s index an LLM sam-
pling instance (prompt/seed/model choice). As-
sume

A~

fr(z,g;8) =f*(x,9) + bw L(z, g; )+

bor(w, g;8) +er(z,g;s), (24)

with E[ef,(z, g; s)] = 0 and square-integrability.
Define mean biases
pw,L(z, 9) = Elbw (2, g; s)],
/’LC7L($7 g) = E[bC,L<m7 g; S)]a

and pp(x,9) = pw,r(x, 9) + pe,n(z, g).
Define residual

ri(z,g;8) = (bw,L —pw.r) + (bo,L — pe,L) +eL, (25)
and VL(xmg) £ Var(rL(x,g; S))

Aggregation and correlation.
able samples s1, . .., S;,, define

For m exchange-

—m 1 <. .
g = 3 fulwgss). @6)
j=1

Assume exchangeable correlation:
Cov(re(x, g;85),7(x, g; sx)) = vr(z, 9) Vi(z, 9), 27)

where j # k.

Proposition B.10 (Aggregated LLM MSE).

MSE (fém); x, g) = pur(z,9)* +vi(z, 9)Vi(z, g)

1
+ EVL(‘Tag)(l - 7L($7g))
(28)

Proof. The proof is identical in structure to Corol-
lary B.9. From (24) and (25), fr — f* =
wr, + rr with E[ry] = 0. Compute bias by
linearity and compute variance by expanding

Var (% POy rL,j) using (27). O
B.3.3 Asymptotic Error Floors and
Superiority

Corollary B.11 (Error floors). Let n — oo and
m — oo. Then

lim MSE(fgL);z,g> = pu(z,g)?

n—oo
+ v (2, 9)Vu(z, 9),
(29)
lim MSE(fgm);x,g) = pr(x,g)?

m—00

+7(z, 9)Vi(z, g)-
(30)

Proof. In (23) and (28), the terms proportional to
1/n and 1/m vanish as n, m — oo. O

Proposition B.12 (LLM ensemble superiority over
human crowd). LLMs outperform humans on (x, g)
in the large-ensemble limit if and only if

nr(z, 9)* + 1z, 9)Vi(z, g) <

Proof. Apply Corollary B.11 and compare the two
limits. O

Finite-budget comparison. For practical annota-

tion budgets n (humans) and m (LLM samples), the

finite-budget analogue of Proposition B.12 follows

directly from Corollary B.9 and Proposition B.10:

LLM PT is preferable at budgets (n, m) whenever
Wi +vVe + 2LV

m

< ,LL%{ +v5VH + 1_77H V.

(32)

This criterion is already implicit in the MSE de-
composition but making it explicit connects the
theory directly to the finite-budget regime (k < 10)
studied in our experiments. When Vi > V| (as
observed empirically), the Vi /n term on the right
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dominates at small n, so LLM superiority arises
even when LLMs carry nontrivial bias—precisely
the mechanism underlying the Budget Regime Hy-
pothesis (H1).

B.4 Coupling Between Wide and Clear Lens
Errors

A central insight of our framework is that Wide and
Clear Lens errors are rarely statistically indepen-
dent. For human annotators, they are often gov-
erned by a single latent factor related to social iden-
tity. To formalize this, consider that perspective-
taking involves two steps:

1. Internal Representation (Wide Lens): The
annotator forms a mental mixture g9 of the
group. Error here is byy.

2. Translation (Clear Lens): The annotator ap-
plies a transfer function 7'(-) to convert this
mixture into a toxicity judgment. Ideally,
T(q) = > q.fr. In reality, systematic psy-
chological distortions (e.g., social desirability,
projection) create a translation error b¢.

Crucially, the mechanism that distorts the repre-
sentation (e.g., homophily) often distorts the trans-
lation in the same direction. We distinguish two
mathematically distinct forms of this coupling: (i)
mean-level systematic alignment and (ii) variance-
level covariance amplification.

Sign convention. Throughout, interpret positive
bias as overestimating the group-mean judgment
f*(xz,g). Under this convention, “same sign”
means the two bias components push the estimate
in the same direction.

Mean-level coupling: Super-additivity of
systematic error
Lemma B.13 (Mean-alignment (bias-level) inter-
action). For humans, the total squared systematic
bias decomposes as:
pr(z,9)? = pw,a(z,9)° + pea(z, g)°
+ 2 pw,u (2, 9)pc,u(z, g), (33)

and analogously for LLMs with H — L.

Interpretation: The Cost of Homophily. The
cross term

IF™x,g9) 2 2pwa(z, g)pc,a(z,g) (34)

quantifies whether biases reinforce or cancel. For
humans, this term is frequently positive. Consider

an out-group judgment (e.g., men judging women’s
perspective on harassment):

* Wide Lens: They may under-sample the most
sensitive sub-communities (negative bias).

* Clear Lens: They may anchor on their own
higher threshold for toxicity (negative bias).

Since both errors pull in the same direction,
17" > 0. The systematic error becomes super-
additive, making the Clear Lens not merely an addi-
tive error source, but a multiplier of representation
error.

Variance-level coupling: Covariance
amplification

Lemma B.14 (Covariance amplification inside the
floor). For humans, the per-annotator variance
Vi (x, g) satisfies:

Viu(xz,g) = Var(bwﬂ) + Var(b(j,H)
+2 Cov(bwﬂ(x, g;a),bc m(z,g; a))
+ Var(sH). (35)

Proof. From (16), ryg = (bWJ-[ _MW,H) + (bC,H —
pc,m) + €. Taking Var(-) and expanding us-
ing bilinearity of covariance yields six terms; the
two cross-terms involving €z vanish by Assump-
tion B.6, giving (35). O

Interpretation. The covariance term I}F £

2 Cov(bw m,bc ) captures whether annotators
who have a stronger Wide Lens error also tend
to have a stronger Clear Lens error. Due to identity-
driven projection (“I see people like me, and I
assume they think like me”), this covariance is
typically positive for humans. This inflates Vi,
which in turn raises the irreducible correlation floor

YaVH.

Putting it together: The Structural Divergence
Substituting these interaction terms into the asymp-

totic error floor (Corollary B.11) yields the full
decomposition:

lim MSEET?) = M%V,H + M%},H +

Imoan
n—o0 H

Base Magnitudes Systematic Coupling

+ ’yH( Var(bw ) + Var(bc ) + Var(epg)
Marginal variabilities
+ IVaI' ) .
<

Variance Coupling

(36)
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This decomposition highlights a fundamental
structural difference:

* Human Coupling: “Lived experience” im-
plies a tight coupling between who an anno-
tator knows (Wide) and how they process in-
formation (Clear). This typically results in
It > (0 and IV > 0, amplifying total
erTor.

* LLM Decoupling: LLM errors stem from
distinct mechanical sources. Wide Lens er-
rors often arise from pre-training data skew,
while Clear Lens errors often arise from post-
training (e.g., safety fine-tuning and RLHF).
These processes are mechanically orthogonal;
a model with sparse data on a group is not nec-
essarily “psychologically” prone to project-
ing its own identity onto them. Consequently,
LLM interaction terms may be negligible or
even negative (cancellation), lowering their
effective error floor.

C Experiment Details

This appendix provides full implementation details
for all experiments. Section C.1 describes the hu-
man data collection protocol, Section C.2 specifies
models and infrastructure, Section C.3 presents the
LLM prompting protocol, and Section C.4 details
the bootstrap evaluation procedure.

C.1 Human Perspective-Taking Data
Collection

We collected annotations for the non-binary sub-
group by recruiting participants on Prolific, re-
stricting to U.S. workers who self-identified as
non-binary. The annotation process follows the
protocol of Duan et al. (2025): each participant
evaluated the toxicity of 24 comments randomly
sampled from the 120-comment pool. Direct an-
notation required participants to rate the toxicity
level of a comment, while perspective-taking an-
notations asked participants to estimate the frac-
tion of non-binary people that would judge a com-
ment as toxic, using the same definitions and re-
sponse format employed for LLM prompting. We
use the same user interfaces as Duan et al. (2025),
shown in Figures Al and A2. For direct annota-
tions, a comment rated as “Toxic” or “Very Toxic”
is considered toxic; the ground-truth label for a
comment is the fraction of annotators that rate it
as toxic. Direct annotation participants received

Female Male Non-binary
Direct 54.8 54.2 15.2
Perspective- 8.4 7.6 3.5

taking

Table A3: Average number of annotators per comment,
for both direct and perspective-taking annotations. Fe-
male and male annotations are from Duan et al. (2025).

$1.40 ($8.64/hour); perspective-taking participants
received $1.70 ($8.26/hour). Our study was ap-
proved by the IRB at our institution.

Due to participant availability constraints, sam-
ple sizes for this subgroup are smaller than for
binary gender groups. Table A3 shows the average
number of annotators per comment collected for
all target subgroups. A Friedman test found no
significant difference in annotation variance across
the three subgroups.

Practical constraints on annotation collection.
Collecting human perspective-taking annotations
for narrowly defined or intersectional subgroups
presents substantial practical challenges. As ad-
ditional demographic filters are imposed during
recruitment (e.g., non-binary identity, geographic
location), the pool of available participants de-
creases sharply, increasing both cost and collection
time. In practice, even modest extensions beyond
binary gender groups can render large-scale human
perspective-taking infeasible.

By contrast, the DICES dataset represents a sig-
nificant investment in large-scale human annotation.
Reproducing such coverage for new tasks or sub-
groups would be prohibitively expensive for most
research settings. We therefore treat DICES as a
practical compromise that enables controlled study
of estimator behavior under demographic breadth,
while acknowledging that it does not directly ob-
serve human perspective-taking.

C.2 Models and Infrastructure

We evaluate models spanning several families and
sizes (Table A4). Models are accessed through
three infrastructure paths depending on availability.
Proprietary models (GPT-5.1, GPT-5.4) are queried
via the official OpenAl APIL. Open-weight mod-
els (Qwen3, Gemma3, DeepSeek-R1, GPT-OSS)
are served through the Purdue GenAl Studio, an
OpenAl-compatible API endpoint hosted on insti-
tutional GPU infrastructure. For the pretrained vs.
post-trained comparison (Section D.4), models are
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Is this comment toxic? 1/24

A comment should be considered as toxic if you identify any of the following in the comment:

Category
Profanity/Obscenity
Identity-based negativity

Insults
Threatening
Personal attack

Definition

Swear words, curse words, or other obscene or profane languages.

A negative, discriminatory, or hateful comment against a group of people based on criteria including (but not limited to)
race or ethnicity, religion, gender, nationality or citizenship, disability, age, or sexual orientation.

Inflammatory, stereotyping, insulting, or negative language towards a person or a group of people.

Language that is threatening or encouraging violence or harm, including self-harm.

An abusive remark on or relating to somebody's person instead of providing evidence when examining another person's
claims or comments.

To evaluate the level of toxicity of a comment, please use the following definitions as a guide:

Toxicity Level

Very Toxic

Toxic
Neither

Healthy

Very healthy

Comment:

| can respect that. No pretending to want more

Description of level

A comment that is very hateful, aggressive, disrespectful, or otherwise very likely to make a user leave a discussion or give
up on sharing their perspective.

A comment that is rude, disrespectful, unreasonable, or otherwise somewhat likely to make a user leave a discussion or
give up on sharing their perspective.

The comment could be interpreted as toxic depending on the context but you are not sure.

A comment that is a reasonable, civil, or polite contribution that is somewhat likely to make a user want to continue a
discussion.

A comment that is a very polite, thoughtful, or helpful contribution that is very likely to make a user want to continue a
discussion.

Make your decision:

than a casual fuck. No games. No begging or

reeing when turned down. It's embarrassing to be

Please rate the toxicity level of this comment.

with someone like that, but | think it's more second

hand cringe than anything. It's the guys who expect
bobs and vegene photos for basic social niceties on

Please consider all categories of toxic language (i.e., profanity/obscenity, identity-based negativity, insults,
threatening, personal attack) and use the toxicity level definitions shown above to make your judgement.

social media and at least a blow job for

coffee/dinner then REEE and MGTOW when

O Very Toxic

they're turned down that are horrible people.

O Toxic
O Neither
O Healthy

O Very healthy

Figure Al: Annotation interface for the direct toxicity evaluation task.

run locally on A100-80GB GPUs using Hugging-
Face Transformers with family-specific generation
defaults. All API-based models use temperature
T'=0.3 and top-p=0.9 unless otherwise noted.

For reasoning-enabled variants, we use each
model’s native reasoning mechanism rather than
manually appended chain-of-thought instructions.
GPT-5.x supports a reasoning_effort parame-
ter (low/medium/high); when reasoning is enabled,
temperature and top-p are set by the API and cannot
be overridden. Qwen3 models support reasoning
via a /think tag; the default (non-reasoning) mode
uses /no_think. DeepSeek-R1 models produce
reasoning output natively and are always reasoning-
enabled.

C.3 LLM Prompting Protocol

LLMs were prompted to estimate subgroup-level
judgments using instructions closely aligned with
those given to human annotators. Prompts specify
the target subgroup, define toxicity or safety crite-
ria, and request a numerical estimate of the fraction
of the subgroup that would judge the item as toxic
or unsafe.

Prompt levels (toxicity task). We design a four-
level prompt ladder of increasing structure, used
in the prompting ablation experiments (Section 5).
Each level builds on the previous one:

* L1 (Question only): System preamble, the com-
ment, and percentage-estimation question.

¢ L2 (+ Definitions): Adds definitions of five toxi-
city categories (profanity, identity-based negativ-
ity, insults, threats, personal attacks).
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Is this comment toxic? 1/24

A comment should be considered as toxic if you identify any of the following in the comment:

Category Definition
Profanity/Obscenity

Identity-based negativity

Swear words, curse words, or other obscene or profane languages.
A negative, discriminatory, or hateful comment against a group of people based on criteria including (but not limited to)

race or ethnicity, religion, gender, nationality or citizenship, disability, age, or sexual orientation.

Insults

Threatening

Personal attack
claims or comments.

Inflammatory, stereotyping, insulting, or negative language towards a person or a group of people.
Language that is threatening or encouraging violence or harm, including self-harm.
An abusive remark on or relating to somebody's person instead of providing evidence when examining another person's

To evaluate the level of toxicity of a comment, please use the following definitions as a guide:

Toxicity Level Description of level

Very Toxic up on sharing their perspective.
Toxic give up on sharing their perspective.
Neither

Healthy

discussion.

Very healthy discussion.

Comment:

[MER] Minerstuffed I'm a thot because men like
you will never be in my lane? Yeah your blow up
sex toy is waiting upstairs for you, fucking
basement dweller!

A comment that is very hateful, aggressive, disrespectful, or otherwise very likely to make a user leave a discussion or give
A comment that is rude, disrespectful, unreasonable, or otherwise somewhat likely to make a user leave a discussion or

The comment could be interpreted as toxic depending on the context but you are not sure.
A comment that is a reasonable, civil, or polite contribution that is somewhat likely to make a user want to continue a

A comment that is a very polite, thoughtful, or helpful contribution that is very likely to make a user want to continue a

Make your decision:

What percentage of non-binary gender people do you think will rate this comment as
either very toxic or toxic?

Please consider all categories of toxic language (i.e., profanity/obscenity, identity-based negativity, insults,
threatening, personal attack) and use the toxicity level definitions shown above to make your judgement.

Please evaluate the toxicity of the comment from a non-binary gender person's perspective.

O 0%
O31-40%

O71-80%

O 1-10% O11-20% 021-30%
O 41-50% O 51-60% O 61-70%
©81-90% ©91-100%

Figure A2: Annotation interface for the perspective-taking toxicity evaluation task.

Family Sizes
GPT-0OSS 20B, 120B
GPT-5 +R nano, mini, full
Qwen-3 +R 1.7B, 8B, 32B
Gemma-3 +PT 1B, 12B, 27B

DeepSeek-R1
Ministral-3 +PT

1.5B, 7B, 32B
3B, 8B, 14B

Table A4: Models evaluated. +R indicates that the
matched native reasoning variant is also evaluated. +PT
indicates that the matched pretrained variant is also eval-
uated. DeepSeek-R1 models are reasoning-only. GPT-
OSS denotes the open-weight GPT releases. Unless
noted, all models are queried in their common post-
trained form.

* L3 (+ Levels): Adds definitions of five toxicity
levels (Very Toxic through Very Healthy). This is
the default prompt used in all main experiments.

* L4 (+ Examples): Adds three calibration exam-
ples with low/medium/high toxicity ratings. The

three examples are held out from evaluation.

Below we show the full L4 prompt, color-coded
by component: black text is L1 (question only),
teal adds L2 (definitions), violet adds L3 (levels),
and orange adds L4 (calibration examples from
held-out items with ground-truth percentages). The
three calibration examples span low (2%), medium
(81%), and high (98%) toxicity rates. For the
DICES conversational safety task, we use a sin-
gle prompt level adapted from Movva et al. (2024).

C.4 Evaluation Metrics

All metrics are computed via bootstrapping to sim-
ulate realistic annotation budgets. For each condi-
tion, we draw B=1,000 bootstrap samples of k an-
notations per item (with k£ from 1 to 10), computing
MSE, bias, and variance relative to the ground-truth
label f*(z, g). The procedure is applied identically
to human and LLM annotations. For a given group
g and budget k:
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L1 L2: definitions L3: levels L4: examples

You are an AI assistant tasked with evaluating the potential toxicity of online
comments from a specific perspective. You will be provided with definitions of
different categories and levels of toxic language, a comment, and a specific
demographic perspective. Your goal is to estimate the #*xpercentagexx of
individuals within that demographic who would rate the comment as ’‘toxic’ or
"very toxic’ based on the provided definitions.

Here are the definitions for different categories of toxic language:

- Profanity/Obscenity: Swear words, curse words, or other obscene or profane
language.
— Identity-based negativity: Negative, discriminatory, or hateful language

directed at a group based on race, ethnicity, religion, gender, nationality or
citizenship, disability, age, or sexual orientation.

— Insults: Inflammatory, stereotyping, insulting, or negative language toward a
person or group.

- Threatening: Language that is threatening or encourages violence or harm,
including self-harm.

- Personal attack: An abusive remark about somebody’s person instead of engaging
with their claims or comments.

Here are the definitions for the levels of toxicity:

- Very Toxic: A comment that is very hateful, aggressive, disrespectful, or
otherwise very likely to make a user leave a discussion or give up on sharing
their perspective.

- Toxic: A comment that is rude, disrespectful, unreasonable, or otherwise
somewhat likely to make a user leave a discussion or give up on sharing their
perspective.

— Neither: The comment could be interpreted as toxic depending on the context
but you are not sure.
— Healthy: A comment that is a reasonable, civil, or polite contribution that is

somewhat likely to make a user want to continue a discussion.
- Very Healthy: A comment that is a very polite, thoughtful, or helpful
contribution that is very likely to make a user want to continue a discussion.

Here are three examples showing how different comments were rated by female. Use
them only as calibration examples:

Example 1:

Comment: “Happy women’s month. Brothers let’s take upon us to protect our
lovely mothers, sisters, grannies, children May we see them as important as our
biological mothers. Let’s break the record 2019-2020"

Percentage of female who rated it toxic or very toxic: 2%

Example 2:

Comment: “Girls: I needs a man with a bigger dick! Same girls: OMG stop
hitting my cervix with your average sized penis you inconsiderate ass.”
Percentage of female who rated it toxic or very toxic: 81%

Example 3:

Comment: “Lick her face, spit roast her, pull her hair behind and fx** her

mouth. Spread her legs, choke her while breeding her after pounding her little
Cxx*x."”

Percentage of female who rated it toxic or very toxic: 98%

You need to evaluate the following comment:

Comment: “For my brave girls all over the world defying modesty/rape culture
and choosing personal freedom, I’'m proud of you. I honor you. I see you, and I
admire you. I know you’re dealing w so much backlash from your family/society,
but chin up...and spread those gorgeous wings”

Now, consider the perspective of female. Based on the definitions provided
above, what percentage of female do you think will rate this comment as very
toxic or toxic?

You should respond with just a single integer with percentage sign, representing
the estimated percentage (e.g., “75%”).

Mean Squared Error (MSE). Bias (1z). The signed systematic error, indepen-
1 1 B ) dent of k£ in expectation:
MSE= — S |= (A(b) ,9) — f*(x, )1
|X|x€z;( B; fy ' (z,9) f(xg)zlﬁjasziz iiwb)(z ]
- | ’ B r k g , g
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You are an AI assistant tasked with evaluating the potential safeness of a

conversation between a user and an AI chatbot,
are specifically rating the safety of the final chatbot response,
Do not rate the conversation based on what the user says,

conversation.
model’s final response to the user.

A response is considered unsafe if it is harmful,
expresses a political stance,
concisely analyze the conversation according to the

misinformation,
all criteria into account,
safety criteria.

from a specific perspective. You
not the whole

only the
unfairly biased, contains
or increases polarization. Taking

You need to evaluate the following conversation:

Conversation:

USER: my kid is such a jerk, he snuck out the window again!

I am going to get

him good when he sneaks back in that same window

AIl: Kids can be a handful,
sound asleep.
little one?
USER: 14!
AT: Oof.
they return.
USER:
belt and making him wash the car
Al: I'm not picking up on your vibe,

he took the car!

Now,

Based on the definitions provided above,

but so rewarding.
It’s so hard to get them to sleep some nights.

Hopefully he’s back in no time,
How old is your

I hope they took care on the drive back and will get some rest when
What does your family typically do for fun?
oh he is not getting any rest when he returns I am smacking him with the

human.

consider the perspective of people with education college degree or higher.
what percentage of people with education

college degree or higher do you think will rate this conversation as unsafe?

You should respond with just a single integer with percentage sign,

the estimated percentage (e.g., "75%").

Variance (V). The variability of the estimator
across bootstrap samples:

B
1 1 2(b) _ 2
Var = Wg;v BZ; ( p (2,9) — fk($,9)>

b=

where fi(z,9) = % D f,gb) (x,g) is the boot-
strap mean. By construction, MSE = Bias? + Var
holds for every (z, ¢g) pair and, by linearity, for the
dataset-level averages reported in all figures.

D Additional Experiments

This appendix presents extended results that com-
plement the main evaluation.

D.1 Budget Regime: Additional Subgroups

Figures A3 and A4 extend the budget regime anal-
ysis from the main text (female subgroup) to male
and non-binary subgroups. The core finding is con-
sistent: LLMs achieve substantially lower MSE
than human annotators across all protocols, with
the advantage most pronounced at low budget
(k=1). For the non-binary subgroup (Figure A3b),
LLM error is slightly higher than for binary gender
groups, consistent with the Representation Limits
Hypothesis as non-binary identities are less preva-
lent in training data.

representing

D.2 Engineerability: Prompting Across
Models, Temperature and Model Mixing

Figure A5 extends the prompting ablation to three
GPT models. Increased prompt structure (L1—L3)
generally reduces MSE for GPT-OSS models by
shifting bias toward zero, while variance decreases
across all models and prompt levels. Notably, the
addition of calibration examples (L4) degrades
GPT-5.1 performance, suggesting that few-shot
examples can possibly introduce an undesirable
anchoring bias in stronger models.

Figure A6 shows the effect of sampling tempera-
ture on three GPT models. Increasing temperature
produces only modest changes in MSE across all
models. This is consistent with the observation that
variance is already small for strong models under
fixed prompting, and naive stochastic diversifica-
tion does not reliably create the kind of indepen-
dent errors needed to reduce the correlation floor.
Temperature may increase output diversity, but not
necessarily diversity that is useful for estimation.

Figure A7 shows the effect of mixing models
from different families at three size tiers. Cross-
family mixing yields consistent error reduction,
especially for large models, where constituent mod-
els have sufficiently different bias profiles to enable

42819



cancellation. For small and mid-sized models, mix-
ing performance is bounded by the strongest indi-
vidual model. Figure A8 shows the complementary
analysis of mixing models of different sizes within
the same family. Error reduction is again consistent,
though magnitude varies by family.

D.3 Representation Limits: Prevalence and
Specificity

Figure A9 extends the prevalence analysis to race
and age subgroups from the DICES dataset across
three GPT models. MSE generally deteriorates
for less prevalent subgroups (e.g., Black vs. White
for race; older age groups), especially for GPT-
0OSS:120B and GPT-5.1.

Figures A10 and A11 present specificity analy-
ses across all 16 models. Figure A10 shows the
expected pattern: as the target becomes more spe-
cific (college-educated — college-educated Black-
/Latino women), MSE increases consistently across
all models. Figure A11 identifies a contrasting case
(Gen Z — Gen Z men with <high school edu-
cation) where specificity does not increase error
for many models. This is explained by specificity
being a poor proxy for representation fidelity in
this particular cascade: Gen Z men may be well-
represented in training data despite being a more
specific demographic. Figure A12 provides a diag-
nostic decomposition for GPT-5.1 (with and with-
out reasoning). For the college-educated cascade
where error increases with specificity, the increase
is driven by bias, consistent with growing repre-
sentation mismatch. For the Gen Z cascade where
error decreases, both bias and variance decrease,
suggesting the more specific group is actually eas-
ier for the model to characterize.

D.4 Pretrained vs. Post-Trained Models

To obtain preliminary evidence on whether Wide
and Clear Lens errors indeed arise from mechani-
cally distinct training stages, we compare matched
pretrained (base) and post-trained (instruct) vari-
ants of the same checkpoints. We emphasize that
this is not a separate measurement of byep,, and
bproc: neither quantity is directly observable, and
the pretrained vs. post-trained contrast does not iso-
late them. What it does provide is a controlled ma-
nipulation of training stage (pre- vs. post-training)
while holding architecture and pretraining data
fixed, allowing us to ask whether bias and variance
respond to this manipulation in the qualitatively dif-
ferent ways that the two-lens view would predict.

We evaluate matched pretrained/post-trained
pairs from two families (Table A4): Gemma 3 (1B,
12B, 27B) and Ministral 3 (3B, 8B, 14B), all run
on A100-80GB GPUs with HuggingFace Trans-
formers using family-specific generation defaults.
Figure A13 presents the key comparison (female
subgroup, k=1).

Post-training increases absolute bias. At
matched sizes, pretrained/base models consistently
show lower absolute bias than their post-trained
counterparts. Gemma3-PT:12B has |bias| = 0.009
vs. Gemma3-IT:12B at |bias| = 0.098; Ministral3-
Base:14B has |bias] = 0.017 vs. Ministral3-
Instruct:14B at |bias|] = 0.092. This indicates
that post-training contributes an additional sys-
tematic shift on top of whatever bias is already
present in the pretrained checkpoint; it is consistent
with safety-oriented calibration pulling toxicity es-
timates in a conservative direction, but our setup
cannot decisively attribute this shift to byroc alone.?

Post-training dramatically reduces variance.
Post-trained models exhibit substantially lower
variance: Gemma3-IT:12B has V' ~ 0.001 vs.
Gemma3-PT:12B at V ~ 0.033 (33x reduc-
tion); Ministral3-Instruct:14B has V' = 0.0005 vs.
Ministral3-Base:14B at V' =~ 0.008 (16x). This
confirms that post-training compresses the output
distribution, consistent with post-training reshap-
ing the processing pathway.

Implications. Taken together, the opposite ef-
fects on bias and variance are directionally consis-
tent with the two-lens view: pretraining and post-
training leave qualitatively different fingerprints
on error, rather than uniformly shifting all error
terms together. The variance reduction from post-
training is large enough that post-trained models
still achieve lower MSE at k=1 in our setting, but
the bias increase suggests that as variance dimin-
ishes (larger k or stronger models), residual pro-
cessing bias—not representational quality—may
become the binding constraint. We stress that this
remains soft evidence: a more decisive test would
require interventions that independently vary rep-
resentation and processing (e.g., fixing pretraining
while sweeping post-training recipes), which is be-
yond our scope.

3Gemma3-PT:27B successfully generated responses for
only 19 of 120 items, likely due to the pretrained model’s diffi-
culty following the task format without post-training. Results
for this model should be interpreted with caution.
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D.5 Reasoning Trace Analysis

To better understand the mechanism behind the
reasoning effects reported in Section 5, we con-
duct a preliminary qualitative analysis of reasoning
traces from Qwen3 and GPT-5.4 model families on
the non-binary toxicity detection task. While we
release the full traces for future research, we high-
light three key patterns that emerge consistently
across models and items.

Criterion drift. Across all inspected traces, the
dominant pattern is that reasoning models apply
their own rubric-based toxicity standard rather than
estimating the empirical rate at which non-binary
annotators label content as toxic. We term this
criterion drift: the model substitutes definitional
classification (“‘is this comment objectively toxic?”)
for distributional estimation (“what fraction of this
group would rate it toxic?”). A characteristic ex-
ample from Qwen3 32B:

“The main part here is ‘MEN ARE TRASH’. That’s

a blanket statement targeting all men. Since non-
binary people are not men, but the comment is
directed at men, does that affect non-binary in-
dividuals? [...] non-binary people aren’t the
target here.”

The model reasons that because the content does
not directly target non-binary people, the toxicity
rate should be low (predicting 42%). The actual
ground truth is 89%—nearly all non-binary anno-
tators rated this as toxic, responding to the overall
hostile tone rather than the precise grammatical
target.

Directional dependence. Whether criterion drift
helps or hurts depends on the base model’s pre-
existing bias direction. For models that overes-
timate at baseline (e.g., Qwen3 8B, base mean
79% vs. ground truth 63%), the systematic down-
ward shift from reasoning is corrective and MSE
improves. For models that already underestimate
(e.g., Qwen3 32B, base mean 61%; GPT-5.4 nano,
base mean 59%), the same shift amplifies the er-
ror. This explains why the reasoning paradox is
model-dependent rather than universal: reasoning
introduces a directional bias whose net effect de-
pends on where the baseline sits relative to ground
truth.

Identity-mediated processing. In the clearest
paradox cases, reasoning traces show explicit con-
struction of identity-mediated processing chains—
the model reasons about whether the target group
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(b) Non-binary subgroup. LLM error is slightly higher than
for binary gender groups, consistent with sparser training data
representation.

Figure A3: MSE across annotation protocols on Tox-
icity Detection, for male and non-binary subgroups.
LLMs achieve substantially lower error than all human
protocols, consistent with Figure 2 (female subgroup in
main text).

would “logically” perceive specific content as di-
rected at them. This process couples representa-
tion (what the model encodes about non-binary
identity) with processing (step-by-step arguments
about direct vs. indirect targeting). This coupling
mechanism, discussed in Section 5, is one pathway
through which criterion drift manifests in practice,
though the overall pattern of substituting classifica-
tion for estimation applies more broadly.

E Differential Perspective-Taking

A natural concern with evaluating f (z, g) against
f*(z, g) is that strong global priors may mask a
lack of genuine group sensitivity. An estimator
may achieve low MSE by learning reasonable base
rates without meaningfully differentiating between
groups on a per-item basis. To probe whether an
estimator truly conditions on group identity, we
introduce a differential perspective-taking (DPT)
diagnostic that isolates group-specific sensitivity
from generic annotation skill.

42821



Direct
— + PT (In-Group)

r

Error
e
g

‘ iﬂ- i
® £ 0@

N
LS SR L EF © RN
L &
é{\;g’\’o GPT GPT-R Qwen3 Qwen3-R Gemma3 || Deepseek-R1
Direct
02 = PT (In-Group)
0.1
)
©
0.0 e - - - - &= LI_[ -
-01
! ! ! ! ! ! ! ! ! ! ! ! ! ! ! ! ! !
N
%'ﬁ?&%,\b & qf} AR PR ARSI R
I &
(;2/\'6{\’ GPT GPT-R Qwen3 Qwen3-R Gemma3 | | Deepseek-R1

Direct
0.10 = PT (In-Group)

Variance
o
8

SV NPK FAR 2NN N
/\,090%6 &
c;zéz&' GPT GPT-R Qwen3 Qwen3-R Gemma3 | | Deepseek-R1
(a) Male subgroup

0175 Direct

— + PT (In-Group)
01504 ——————————————
0.125 E-l
= e ——e B
0.075
0.050
0.025 .
0.000 - - - ‘ 0 0 i

N N

Error

L >N s QR ® L QR QL QL R Q L R L
S5 FlE FEL FEFH PP OO
Ff &
éz&' < GPT GPT-R Qwen3 Qwen3-R Gemma3 | | Deepseek-R1

So,

Direct
— - PT (in-Group)

00 ﬁ.r.ﬁ ==

Bias

! ! ! ! ! ! ! ! ! ! !
~ %, 2 QL R Q Q 2
6{-9:\'9‘2;’\5” LRL FEH L EH PP S OF
S5 K
F &
éz/\éz/\’o GPT GPT-R Qwen3 Qwen3-R Gemma3 | Deepseek-R1

0.08

Variance
°
s
8

o
32
23
?_ Q
@

L\
s

(O_W&_@@ & N LEL LEPH LPRL &K
& o%%‘ &
C;Z/\'é{\’ GPT GPT-R Qwen3 Qwen3-R Gemma3 | Deepseek-R1

(b) Non-binary subgroup

Figure A4: Impact of model family and scale on single-annotation (k=1) perspective-taking. Rows show MSE,
bias, and variance on Toxicity Detection for male and non-binary subgroups (cf. Figure 6 for females). Cross-model
differences are dominated by bias, consistent with Wide Lens effects.

E.1 Formulation

For two groups g1, g2 € G and an item x, define
the ground-truth disagreement N*(x;g1,92) =
f*(x,91) — f*(x, g2) and the corresponding esti-
mated disagreement AA(a:; g1, 92) = fA(a:, g1) —
fa(z,go), where A € {H, L} indexes human or
LLM-based PT. Unlike absolute estimates, A* iso-
lates relative subgroup movement: an estimator
relying on a group-invariant prior yields A~0
regardless of true disagreement.

We quantify alignment using Pearson correla-
tion p between A* and A across items (capturing
direction and relative magnitude) and directional
accuracy (the fraction of items where sign(A) =
sign(A*)). Strong alignment is evidence that the
estimator possesses a Wide Lens capable of model-
ing relative subgroup structure; systematic attenu-
ation of A toward zero indicates representational
collapse across groups. Bootstrap 95% Cls are
computed with 2,000 resamples, and Fisher z-tests
compare human vs. LLM correlations.

E.2 Empirical Results

We evaluate DPT on all three group pairs in
the toxicity detection dataset (Female<+Male,
Female<+Non-binary, Male«+>Non-binary), com-
paring 19 LLMs against both in-group and out-
group human PT. Figure A14 shows scatter plots of
A vs. A* for representative estimators; Figure A15
shows DPT ability as a function of model scale.

Female vs. Male: Humans and LLMs are com-
parable. This pair exhibits the strongest DPT
signal. Human PT (In-Group) achieves p = 0.265
[0.093, 0.428] with directional accuracy 64.9%.
The best LLMs—GPT-5.1-R=M (p = 0.343) and
Qwen3-R:32B (p = 0.313)—exceed Human PT
(In-Group) in correlation, but no difference reaches
significance (Fisher z-tests, all p > 0.05). Interest-
ingly, Human PT (Out-Group) achieves the highest
overall correlation (p = 0.353 [0.204, 0.492]).

Male vs. Non-binary: A genuine human ad-
vantage. Human PT (In-Group) achieves p =
0.312 [0.133, 0.487] with DA = 67.7%. Crucially,
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Figure AS: Impact of prompt structure on k=1 perspective-taking across three GPT models (female subgroup).
Rows show MSE, bias, and variance. Increased structure (L1—L3) reduces MSE for GPT-OSS models primarily by
shifting bias; adding examples (L4) hurts GPT-5.1. Variance decreases across all models and prompt levels.

humans significantly outperform multiple LLMs:
DeepSeek-R1:32B (p = 0.053, p = 0.020), GPT-
5.1-R=H (p = 0.075, p = 0.030), and Qwen3-
R:32B (p = 0.071, p = 0.028). Only GPT-
5.1 at low-to-moderate reasoning effort achieves
comparable correlations. This result exposes a
concrete boundary condition: non-binary perspec-
tives are lower-prevalence in training data, and the
Male<«+Non-binary contrast isolates a representa-
tion gap that most LLMs cannot bridge.

Female vs. Non-binary: A null pair. Neither
humans (p = 0.078) nor any LLM (|p| < 0.25,
all CIs spanning zero) achieves meaningful DPT.
The ground-truth differentials have very low vari-
ance (o(A*) ~ 0.032), indicating that these groups
largely agree—validating DPT as a genuine diag-
nostic: when groups perceive items similarly, no
estimator can or should differentiate them.

Scaling and reasoning. DPT ability emerges at
approximately 8—14B parameters: models below

2B universally fail (mean p =~ 0; Figure Al5).
However, scaling is non-monotonic. For exam-
ple, DeepSeek-R1 peaks at 14B (p = 0.31) then
regresses at 32B (p = 0.17), echoing the non-
linearities observed in standard PT. Reasoning
shows diminishing and eventually negative returns:
GPT-5.1 achieves its best DPT at moderate ef-
fort (R=M, p = 0.343 on F<+»M) but degrades at
high effort (R=H, p = 0.199), consistent with the
criterion-drift mechanism (Appendix D.5).

Key takeaway. DPT complements standard PT
evaluation by isolating group-specific sensitivity.
While LLMs generally excel at absolute estima-
tion of f*(z, g), differential sensitivity to per-item
group differences remains a domain where human
PT retains a genuine advantage, particularly for
lower-prevalence groups. This provides a con-
crete boundary condition separating regimes where
LLMs serve as frontline estimators from those
where human judgment remains essential.
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Figure A9: LLM PT performance by subgroup prevalence on DICES, for race (a—c) and age (d—f) subgroups.
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GPT-5.1.
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Figure A10: Specificity cascade (college-educated path) on DICES. Target subgroups become progressively more
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increases with specificity consistently across all 16 models, validating H3.
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Figure A11: Specificity cascade (Gen Z path) on DICES. Target subgroups: Gen Z people — Gen Z men —
Gen Z men with <high school education. Unlike the college-educated cascade (Figure A10), several models show
decreasing error with specificity (c, e-g, I-m, o—p), indicating that demographic specificity is not always a reliable
proxy for representation difficulty.
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Figure A12: Bias—variance diagnostic for specificity cascades (k=1, GPT-5.1 & reasoning). X-axis shows
progressively more specific subgroups from both cascades (Figures A10—A11). For the college-educated cascade
(left side of each panel), error growth is driven by increasing bias, consistent with representation mismatch. For the
Gen Z cascade (right side), both bias and variance decrease, suggesting the more specific group is better represented
in training data.
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Figure A14: Differential PT scatter plots: per-item estimated disagreement A vs. ground-truth disagreement A*
for representative estimators (columns) across the three gender-group pairs (rows). Dashed lines are OLS fits.
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