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Abstract

Large language models are increasingly used
to simulate human opinions, but prior work
reports conflicting results: some studies find
promising alignment with human survey data,
while others find persona collapse and weak de-
mographic sensitivity. We propose that much
of this conflict stems from conflating two dis-
tinct tasks. We call the first task emulation,
in which models generate individual responses
that aggregate into a population distribution.
We call the second task estimation, in which
models directly predict the population distri-
bution. Evaluating six matched base and post-
trained models on the Pew American Trends
Panel, we find that base models are the stronger
emulators: they produce response distributions
closer to human ground truth and better pre-
serve demographic structure. Post-trained mod-
els are generally the stronger estimators, pro-
ducing more accurate distributional predictions
when asked directly. We argue that model se-
lection for human simulation should be guided
by whether the task requires generating text or
predicting distributions.

1 Introduction

Large Language Models (LLMs), trained on large
corpora of human text, are well-positioned to act as
simulators of human opinion (Argyle et al., 2023;
Durmus et al., 2024). High-fidelity population mod-
elling would enable applications across policy test-
ing, market research, and social science, motivating
a growing body of work on LL.M-based opinion
simulation (Cao et al., 2025). However, prior re-
sults are conflicted: some works report promis-
ing distributional alignment with human survey
data using base models (Suh et al., 2025; Moon
et al., 2024), while others document persona col-
lapse (Li et al., 2025), demographic insensitivity
(Sun et al., 2025), and sensitivity to methodological
choices (Dominguez-Olmedo et al., 2024; Wang
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Figure 1: Overview of the evaluation method for emu-
lation and estimation.

et al., 2024). Studies reporting negative results
evaluate primarily on post-trained models.

We suggest that this disagreement reflects an
underlying conflation of two distinct simulation
tasks: emulation, in which the model generates
responses as an individual participant and the pop-
ulation distribution emerges from aggregation, and
estimation, in which the model explicitly predicts
the population’s response distribution. We evaluate
three matched base/post-trained pairs under both
paradigms on the Pew American Trends Panel, a
human opinion survey on economics.

In our case study, base models consistently out-
perform their post-trained counterparts at emula-
tion, while post-trained variants generally perform
better at direct estimation. These findings suggest
a basis for model selection in opinion simulation:
base models suit tasks requiring generated text,
while post-trained models suit direct distributional
prediction.
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2 Related Work

LLMs as human simulators. Language models
have been increasingly explored as substrates for
simulating human behaviour, spanning survey re-
sponse simulation (Argyle et al., 2023; Cao et al.,
2025; Park et al., 2024), interactive social agents
(Park et al., 2023; Vezhnevets et al., 2023), and
synthetic population modelling (Sun et al., 2024).
These efforts share the premise that pretraining cor-
pora encode sufficient human diversity to support
behavioural simulation at the population level. Fol-
lowing prior work (Santurkar et al., 2023; Suh et al.,
2025), we evaluate on survey opinion distributions
as a controlled setting with ground truth.

Negative results and methodological concerns.
A parallel literature has documented significant lim-
itations. Recent works find that post-trained models
exhibit systematic persona collapse, producing ho-
mogeneous outputs across prompted identities (Li
et al., 2025; Xiao et al., 2026; Qin et al., 2026).
Sun et al. (2025) concluded that sociodemographic
prompting does not reliably shift model outputs to-
ward target demographics. Methodologically, Tju-
atja et al. (2024), Dominguez-Olmedo et al. (2024),
and Wang et al. (2024) demonstrated that model
responses are sensitive to opinion ordering and la-
bel assignment. Hullman et al. (2026) argue that
the field remains bottlenecked on prediction qual-
ity. These studies evaluate primarily or entirely on
post-trained models.

Base models and distributional measurement.
Several independent findings motivate the present
work. Moon et al. (2024), Suh et al. (2025), and
Cao et al. (2025) explicitly chose base models, cit-
ing opinion-skew in post-trained variants. San-
turkar et al. (2023) observed that base models show
closer distributional alignment with human survey
data. Separately, Meister et al. (2025) showed that
models can describe opinion distributions more ac-
curately than they can produce them through sam-
pling. We synthesize these findings by introduc-
ing the emulation-estimation distinction, system-
atically comparing matched base and post-trained
pairs, and proposing open-response emulation as a
positional-bias-free evaluation method.

3 Methodology

We study the problem of recovering human opinion
distributions from language models: given a survey
question and an optional demographic condition,
produce a distribution over answer options that

matches the empirical response distribution of the
target population. Survey opinion data provides a
controlled evaluation setting with ground-truth dis-
tributions across known demographic subgroups,
making it a natural testbed for population simula-
tion capabilities. We distinguish two paradigms
for this task, and evaluate each on matched base
and post-trained model pairs. See Figure 1 for the
evaluation flowchart.

3.1 Emulation Paradigm

Emulation recovers a population distribution by
aggregating individual model responses. We imple-
ment this via open-response generation: the model
produces free-text interview responses without ac-
cess to multiple-choice options, and an LLM judge
maps each response to an answer category (Cohen’s
x = 0.66 with an expert annotator, with full valida-
tion in Appendix A.1.1). For base models, genera-
tion is structured as an interviewer-participant dia-
logue, with demographic conditioning introduced
via a preceding dialogue turn. Post-trained mod-
els are given a system instruction to simulate a
participant of a given demographic. We compare
emulated distributions against human ground truth
and a uniform reference. Prompt scaffolds for em-
ulation can be found in Appendix A.1.

We choose the open-response sampling method
over first-token probability extraction, in which
the model’s logit distribution over answer tokens
serves as a direct distributional representation.
While this has been widely used across prior works
(Santurkar et al., 2023; Cao et al., 2025; Suh et al.,
2025), it is confounded by positional bias (Wang
et al., 2024; Tjuatja et al., 2024). Moreover, if the
goal of emulation is to produce text that can be val-
idated, first-token extraction offers no interpretable
output. We adopt open-response emulation to elim-
inate the positional confounder, and present the
first-token results — which corroborate our main
findings — as Appendix A.S.

3.2 Estimation Paradigm

In the estimation paradigm, the model directly pre-
dicts the population’s distribution for a given survey
question, following the verbalized distribution ap-
proach introduced by Meister et al. (2025). The
model receives the question with multiple-choice
options and is prompted to return a JSON object
representing the estimated probability distribution
over answers. Prompt scaffolds for estimation can
be found in Appendix A.2.
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Post-trained models produce stable outputs un-
der greedy decoding, so a single sample is taken.
Base model completions are more variable, so we
sample multiple completions and average the result-
ing distributions. We avoid providing a few-shot
example format so as not to influence the prior.
Both model types are prompted with appropriate
formats to estimate the response distribution of a
given demographic group.

3.3 Maetrics

We evaluate distributional fidelity using two com-
plementary metrics. Total Variation Distance
(TVD) measures distributional divergence without
regard to ordinality. Wasserstein distance respects
the ordinal structure of answer options, penaliz-
ing errors proportionally to their distance from the
correct response. Both metrics are standard in the
distributional alignment literature (Santurkar et al.,
2023; Moon et al., 2024; Meister et al., 2025). Full
definitions are in Appendix A.3.

4 Experiments

4.1 Experimental Setup

Our evaluation dataset consists of 59 four-option
items from the Pew Research Center’s Ameri-
can Trends Panel Wave 54 (Pew Research Center,
2020), which specifically elicits economic opin-
ions. Refusal responses are dropped and human
distributions renormalized. We apply seven de-
mographic conditions: an unconditioned marginal
and six demographics spanning political (Demo-
crat, Republican), ideological (Very Liberal, Very
Conservative), economic (Upper-income), and re-
ligious (Protestant) axes. We evaluate six open-
weight models with matched base and post-trained
variants: Qwen3-14B, Olmo-3-7B, and Olmo-3-
32B (Yang et al., 2025; Olmo et al., 2026). Post-
trained models are sampled at temperature 1.5 in
emulation to support output diversity. We also in-
clude Claude Opus 4.6 (Anthropic, 2026) as a fron-
tier estimation reference.

4.2 Base Models are Emulators

Base models produce emulated distributions consis-
tently closer to human ground truth than their post-
trained counterparts across all six models and all
seven evaluation conditions (Table 1). On Wasser-
stein distance, base models outperform their post-
trained counterparts in every setting and beat the
uniform reference in 20 of 21 model-condition com-

Table 1: Average error across the seven evaluation con-
ditions. Lower is better.

Estimation error Emulation error

Model TVD Wasserstein \ TVD  Wasserstein
Qwen3-14B Base 0.236 0.492 | 0.263 0.457
Qwen3-14B 0.213 0.422 | 0458 0.703
Olmo-3-1025-7B 0.278 0.605 | 0.248 0.415
Olmo-3-7B-Instruct 0.285 0.603 0.372 0.573
Olmo-3-1125-32B 0.223 0.460 | 0.274 0.443
Olmo-3.1-32B-Instruct ~ 0.185 0.347 | 0.427 0.643
Claude Opus 4.6 0.142 0.267 | — —
uniform 0.271 0.582 ‘ — —

parisons, indicating that even when base models
miss exact categorical probabilities, mass is placed
near the correct ordered responses. On TVD, base
models again outperform their post-trained counter-
parts in every setting, though they beat the uniform
reference distribution in only 11 of 21 comparisons
— a weaker margin than Wasserstein, where ordi-
nal proximity to correct answers is rewarded. The
per-condition comparison of Olmo-32B base and
post-trained variants confirms this advantage is con-
sistent across all six demographic conditions (Fig-
ure 2b). This gap is driven by mode collapse in
post-trained outputs, which are 8.0-14.0x more
similar at the bigram level than base model outputs
(Table 4); elevated temperature does not resolve
this collapse.

To test whether conditioned models track gen-
uine demographic structure, we correlate model
and human pairwise TVD distances among the six
conditioned groups (15 pairs) via Spearman’s p
(Table 2). Base models consistently align with hu-
man demographic structure (p = 0.61-0.75, all
p < 0.02) while compressing inter-group differ-
ences to approximately 70% of human magnitude.
Post-trained models show weaker structural align-
ment (p = 0.35-0.59) and exaggerate inter-group
differences by approximately 2 x, consistent with
stereotyped persona simulation (Li et al., 2025).

4.3 Post-trained Models are Estimators

Under the estimation paradigm, post-trained mod-
els produce distributions closer to human ground
truth than the uniform baseline in most conditions
(Table 1). Estimation error decreases with model
scale and is generally lower in post-trained models
than their base counterparts, with the 7B pair as an
exception. Claude Opus 4.6 achieves the strongest
performance. This is consistent with Meister et al.
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ment with human distributions.

Figure 2: Summary of model error patterns. Base models are blue and post-trained models are orange.

Table 2: Spearman correlations and mean ratio of inter-
group distribution between open-response model and
human pairwise distances.

Model p P mean ratio
Qwen3-14B Base 0.754  0.001 0.688
Qwen3-14B 0.536  0.040 2242
Olmo-3-1025-7B 0.682  0.005 0.664
Olmo-3-7B-Instruct 0.350 0.201 2.014
Olmo-3-1125-32B 0.607 0.016 0.704

Olmo-3.1-32B-Instruct ~ 0.593  0.020 2.063

(2025), who find that distributional knowledge is
accessible through verbalization.

Base models also produce estimation results that
match or exceed the uniform baseline in most con-
figurations, indicating that distributional knowl-
edge about human opinion is present prior to post-
training.

5 Discussion

The results of our case study suggest that opinion
simulation should be evaluated according to the
form of output required by the downstream task.
If the goal is to estimate aggregate opinion distri-
butions, post-trained models are the more appro-
priate substrate. If the goal is to generate text that
aligns with a population’s diversity — as would
be required for synthetic respondents or interac-
tive agents — base models are more directionally
aligned with the task, because the desired distri-
bution must emerge from sampled outputs rather
than from a direct verbal estimate. More broadly,

evaluations should measure whether generated re-
sponses preserve both aggregate opinion distribu-
tions and demographic structure, rather than only
whether a model can describe those distributions
when prompted directly.

This distinction also clarifies why prior findings
on LLM opinion simulation appear mixed. Evalua-
tions based on explicit prediction and evaluations
based on generated responses measure different
capabilities. Post-training appears to improve dis-
tributional estimation while reducing the output di-
versity needed for faithful emulation. The Persona
Selection Model (Marks et al., 2026) offers one
theoretical account of this tradeoff. Post-training
steers the base model’s broad, chimeric distribu-
tion into a single Assistant persona optimized for
helpfulness (Lu et al., 2026). When asked to emu-
late a demographic group, the post-trained model
may be performing second-order simulation — an
Assistant persona simulating a demographic per-
sona — that compresses output diversity through
the bottleneck of a single character. The Assistant
persona produces well-calibrated estimates because
the underlying LLM has learned that a helpful as-
sistant, when asked a factual question, will draw on
its available knowledge to provide a useful answer
(Shanahan et al., 2023). Base models may bypass
this bottleneck: their outputs draw directly from
the pre-trained distribution over personas, which
could preserve more of the representative diver-
sity needed for emulation at the cost of weaker
metacognitive estimation.
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The output restriction we observe is not specific
to our task; post-trained models also underrepresent
the spread of human viewpoints on open subjec-
tive questions (Poole-Dayan et al., 2026). Where
in post-training this restriction arises remains an
open empirical question. Characterizing it mecha-
nistically would mean identifying at which stage
emulative output diversity is lost, and whether con-
ditioned generations route through shared internal
representations. This would also distinguish the
persona-bottleneck account from a simpler explana-
tion in which post-training reduces output entropy
without any persona-level structure.

6 Conclusion

We distinguish two paradigms for simulating hu-
man opinion distributions with language models:
emulation and estimation. In our case study, post-
trained models excel at estimation, producing well-
calibrated distributional predictions when asked
explicitly. Base models are stronger at emulation,
generating response distributions that more faith-
fully track human demographic structure: inter-
group differences are compressed to approximately
70% of human magnitude, compared to the approx-
imately 2x exaggeration observed in post-trained
models. We propose open-response emulation as
an evaluation paradigm free of the positional bias
that confounds first-token extraction, and argue
that the choice of simulation substrate should be
guided by whether the downstream task requires
distributional estimates or generated text.

Limitations

Whether the emulation-estimation tradeoff persists
or collapses at frontier scale is unknown, as fron-
tier base model variants are not released. Post-
training pipelines also vary substantially across
model families in ways that may modulate this
tradeoff (D’ Alonzo et al., 2026).

A second limitation concerns temporal align-
ment. The Pew survey data was collected in 2019,
while the models were trained on corpora extending
through 2024-2025. Human opinion distributions
shift over time, and it is unclear whether models
simulate the opinions of a particular era or encode
a temporally blended representation. This con-
found applies to both base and post-trained models.
Whether effective population simulation will re-
quire continually updated models, or whether tem-

poral dynamics can be controlled for, remains an
open question requiring community-wide effort.

Finally, our evaluation is limited to survey opin-
ion; extending the capabilities of base models to
richer behavioural settings, including multi-turn
dialogue and agent-based simulation, is a natural
step toward the broader goal of faithful population
modelling. Our grounding in economic opinion
as a case study domain can also be extended to
include other domains, such as immigration, cli-
mate, and health policy. Domains where opinion is
less strongly partisan-sorted would test whether the
demographic structure base models recover gener-
alizes beyond politically coded attitudes.

Ethical Considerations

Simulating demographic opinion distributions re-
quires conditioning on broad categories, which
risks reinforcing stereotypes if models collapse
groups to caricatured responses. We adopt dis-
tributional evaluation, measuring how well models
capture the full spread of opinion within groups
rather than a single modal response. While we ar-
gue that base models are a more suitable substrate
for text-generating simulation, we caution that any
deployment as synthetic respondents should be vali-
dated against real population data before informing
decisions. All human ground-truth data is drawn
from the Pew Research Center’s American Trends
Panel, a consented and anonymized survey instru-
ment.
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A Appendix

A.1 Emulation Setup

Al11 LLM Judge

We validate the LLM judge used in the emulation
pipeline against human annotations on a sample of
200 response-category pairs. The human annotator
is a member of the research team who had under-
standing of the research goals, in order to best cap-
ture construct validity (Wallach et al., 2025). On
the full mapping task, which includes responses
judged as unmappable, the judge achieves Cohen’s
k = 0.66 with 74% raw agreement. Restricting to

the 146 pairs where both the judge and human an-
notator assigned a letter category, agreement rises
to k = 0.72 (81% raw agreement). The judge’s
prompt can be seen in Figure 3.

Read the survey response and map it to the best matching
multiple-choice option. You are interpreting a language
model’s response; after the "answer" it may appear very
messy (e.g. interview continuation). If the first part of a
response is at all usable, i.e. looks like an answer contin-
uation, map it, even if the text afterwords frames it in a
nonstandard way. Return only a single option letter. If
the response is unusable, return X. Interpret the answer
at face value; do not try to reason about it or rationalize
intentions. Do not infer a stronger or more socially desir-
able answer than what is actually stated.

Question: [question text]
Options: [options]

Response: [response text]

Figure 3: Judge prompt used to map free-form model
responses to multiple-choice survey options.

A.1.2 Base Model Emulation Scaffolding

Results are computed across N = 100 stochas-
tic generations per question. The unconditioned
completion prompt can be seen in Figure 4, and
the conditioned completion prompt can be seen in
Figure 5.

INTERVIEWER: How would you describe your house-
hold’s financial situation?\nPARTICIPANT:

Figure 4: Prompt scaffold for unconditioned base-model
emulation. The model is framed as a participant in
an interview-style dialogue and generates a free-form
survey response without access to answer options.

INTERVIEWER: How would you describe your-
self politically\nPARTICIPANT: I am a Demo-
crat.\nINTERVIEWER: How would you describe your
household’s financial situation?\nPARTICIPANT:

Figure 5: Prompt scaffold for demographically con-
ditioned base-model emulation. Demographic condi-
tioning is introduced through a preceding dialogue turn
before the survey question is asked.

29317


https://doi.org/10.1162/tacl_a_00685
https://doi.org/10.1162/tacl_a_00685
https://doi.org/10.1162/tacl_a_00685
https://arxiv.org/abs/2312.03664
https://arxiv.org/abs/2312.03664
https://arxiv.org/abs/2312.03664
https://openreview.net/forum?id=1ZC4RNjqzU
https://openreview.net/forum?id=1ZC4RNjqzU
https://doi.org/10.18653/v1/2024.findings-acl.441
https://doi.org/10.18653/v1/2024.findings-acl.441
https://doi.org/10.18653/v1/2024.findings-acl.441
https://arxiv.org/abs/2604.24698
https://arxiv.org/abs/2604.24698
https://arxiv.org/abs/2505.09388

Table 3: Percent usable responses for base open-response models across the seven W54 evaluation settings. Each
entry reports the average percentage of generations that the judge successfully mapped to one of the survey
answer options, averaged over questions within that setting. Higher values indicate that a larger share of free-form

generations could be used in evaluation.

Model Marginal Democrat Republican  Very Lib.  Very Cons.  Protestant Upper Inc. Mean
Qwen3-14B Base 80 84 82 84 83 82 83 82
Olmo-3-1025-7B 79 81 78 82 78 75 81 79
Olmo-3-1125-32B 82 87 86 90 86 86 88 87

A.1.3 Post-trained Model Emulation
Scaffolding

Similar to the base model setup, results are com-
puted across N = 100 stochastic generations per
question. The post-trained instruction prompts can
be seen in Figure 6 and Figure 7.

<system>You are simulating a participant’s answer to a
survey question. Generate responses that reflect the full
range of American opinion. Return only the participant’s
answer in plain text, with no markdown or explanation.

<user>Survey question: How would you describe your
household’s financial situation?

Figure 6: Prompt scaffold for unconditioned post-
trained model emulation. The system instruction frames
the model as a survey participant and requests a plain-
text response to the survey question.

<system>You are simulating a participant’s answer to a
survey question. Generate the response that a person with
the following attribute would give. Attribute: <attribute>.
Return only the participant’s answer in plain text, with no
markdown or explanation.

<user>Survey question: How would you describe your
household’s financial situation?

Figure 7: Prompt scaffold for demographically condi-
tioned post-trained model emulation. The system in-
struction specifies a target demographic attribute and
asks the model to generate a corresponding participant
response.

A.14 Self-similarity Comparison

Table 4 displays the unigram and bigram textual
self-similarity across the base and post-trained
models.

Table 4: Average pairwise Jaccard similarity for open-
response generations, averaged across 59 questions and
7 W54 conditions. Responses are normalized and trun-
cated to the first 25 words.

Model Unigram  Bigram
Qwen3-14B Base 0.076 0.017
Qwen3-14B 0.368 0.238
Olmo-3-1025-7B 0.089 0.014
Olmo-3-7B-Instruct 0.243 0.142
Olmo-3-1125-32B 0.087 0.020
Olmo-3.1-32B-Instruct 0.274 0.159

A.2 Estimation Setup

A.2.1 Base Model Estimation Scaffolding

The completion prompt given to base models for
the estimation task can be seen in Figure 8.

The following is the estimated distribution of <popula-
tion_text> to the question: “<question_text>"\nOptions:
<options>\nEstimated distribution: {{“A”:

Figure 8: Prompt scaffold for base-model estimation.
The model directly completes a partially specified prob-
ability distribution over survey response options.

A.2.2 Post-trained Model Estimation
Scaffolding

The instruction prompt given to post-trained mod-

els for the estimation task can be seen in Figure 9.
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<system>You are estimating the probability distribution
of human answers to a multiple-choice survey question.
Return exactly one JSON object and nothing else. Use
every option letter exactly once as a key. Each value must
be an integer percentage. The percentages must sum to
100. Do not include explanation, markdown, code fences,
comments, or any keys other than the option letters.

<user>Target demographic: estimate the distribution for
respondents matching these filters, not for the general
population: <target_demographic>

Question: <question_text>
Options: <options>

Return a JSON object with integer percentages summing
to 100.

Figure 9: Prompt scaffold for post-trained model estima-
tion. The model is instructed to explicitly estimate the
probability distribution of survey responses and return a
JSON object with integer percentages summing to 100.

A.3 Metric Definitions
Let Q) be the set of completed questions included

in evaluation, and let N = |Q|. For each question
q € Q, let:

* H, be the human response distribution over
the options for question ¢

* M, be the model response distribution over
the options for question ¢

* H,(i) and M,(i) be the mass assigned to op-
tion ¢ by H, and M, respectively

* O, ={1,..., K,} be the option set for ques-
tion ¢

A.3.1 Total Variation Distance

TVD is the largest difference in probability the two
distributions assign to any event, and it ranges from
0 (identical) to 1 (disjoint support). It treats all
option-level disagreements equally, regardless of
how far apart the options are in the answer ordering.
For each question g,

TVD(H,, My) = 5 3 [Hy(i) — My(i)]
i€0,

The pipeline-level score is

1
MeanTVD = — % TVD(H,, M,).
q

A.3.2 Wasserstein Distance

Wasserstein distance is the minimum mass-
weighted distance required to transform one distri-
bution into the other, measured in option positions.
Placing mass one option away from the correct
response is penalized less than placing it three op-
tions away. We compute the Wasserstein-1 distance
over the ordered answer options per question from
cumulative mass differences:

Kq—1]| 4
Wi(Hy, Mg) = 3 > (Ho(j) = My(5)

The pipeline-level score is

. 1
MeanWasserstein = N Z Wi(Hy, My).
q€Q
A.4 Per-Condition Breakdowns

The per-condition emulation error (TVD) can be
seen in Figure 10. See Table 5 and Table 6 for
full per-condition emulation and estimation results
respectively.
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Figure 10: Per-condition emulation error (TVD). Lower
is better. Base models have a consistent advantage over
post-trained models.
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Table 5: Emulation per condition

Model Marginal Democrat Republican Very Lib. Very Cons. Protestant Upper Inc.
TVD  Wasserstein ~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein ~ TVD ~ Wasserstein ~ TVD ~ Wasserstein
Qwen3-14B Base 0.237 0.398  0.260 0469  0.290 0490 0.273 0492 0.284 0.503  0.243 0417  0.252 0.427
Qwen3-14B 0.447 0.648  0.400 0.564  0.442 0.688  0.400 0.611  0.597 1.021  0.450 0.658  0.470 0.734
Olmo-3-1025-7B 0.236 0386  0.237 0.402  0.276 0.453  0.253 0443 0.270 0.454 0222 0372 0.242 0.397
Olmo-3-7B-Instruct 0.290 0.426  0.329 0492 0.371 0.623  0.393 0.636  0.430 0.656  0.344 0.496  0.447 0.683
Olmo-3-1125-32B 0.253 0.389  0.260 0.427  0.299 0.483  0.281 0.488 0.284 0.463  0.257 0.408  0.281 0.441
Olmo-3.1-32B-Instruct 0.429 0.647  0.404 0.592 0421 0.640  0.399 0.611  0.475 0.733 0412 0.611  0.450 0.667
uniform reference distribution ~ 0.251 0.547  0.325 0712 0.250 0.503  0.343 0.768  0.235 0.498  0.245 0.525  0.247 0.520
Table 6: Estimation per condition
Model Marginal Democrat Republican Very Lib. Very Cons. Protestant Upper Inc.
TVD  Wasserstein ~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein =~ TVD ~ Wasserstein
Qwen3-14B Base 0.194 0419 0282 0591 0.214 0.426  0.300 0.626  0.237 0.493  0.223 0.487  0.203 0.403
Qwen3-14B 0.193 0.407  0.208 0418 0227 0446 0223 0430 0.258 0482 0.198 0402  0.187 0.370
Olmo-3-1025-7B 0.235 0.529  0.327 0.720  0.250 0.520  0.365 0.795 0.268 0.582  0.241 0.535 0.258 0.556
Olmo-3-7B-Instruct 0.175 0351 0318 0.698  0.256 0523 0.387 0.866  0.370 0.760  0.255 0.538  0.236 0.483
Olmo-3-1125-32B 0.206 0432 0.260 0.555 0.197 0.379  0.273 0.578  0.210 0419  0.200 0422 0.212 0.432
Olmo-3.1-32B-Instruct ~ 0.170 0.335  0.191 0.376  0.181 0.333 0216 0401 0215 0370 0.153 0293 0.169 0.321
Claude Opus 4.6 0.130 0.245  0.124 0224  0.164 0311 0.119 0.195 0.174 0342 0.141 0286 0.143 0.266
uniform baseline 0.251 0.547  0.325 0.712  0.250 0.503  0.343 0.768  0.235 0.498  0.245 0.525 0.247 0.520
A.5 First-token Extraction main evaluation. The directional finding that base
models outperform instruction-tuned models is con-
vo | varisnt sistent with the open-response emulation results
& ’ Base b .
S o Nd reported in the main paper.
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Figure 11: First-token emulation error (Wasserstein
distance, averaged across 7 evaluation conditions) for
Qwen3 base and post-trained models from 0.6B to
14B parameters. Base models outperform their post-
trained counterparts at every scale, with the strongest
performance at 8B. The 14B base model degrades to
near-uniform levels, motivating our adoption of open-
response emulation for the main evaluation.

Scaffolds were selected to maximize probabil-
ity mass over valid answer tokens, independent of
distributional fit to human data. The base model
prompt ends with “My choice is Letter:” to con-
strain generation to answer tokens. The post-
trained model uses a system prompt framing the
model as a survey participant.

First-token extraction shows a consistent base
advantage across scales (Figure 11), with the
strongest performance at 8B parameters. Perfor-
mance degrades at 14B, potentially due to stronger
positional priors. Models at this scale show evi-
dence of positional-bias confounding, motivating
our adoption of open-response emulation for the
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