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Abstract

Large language models are increasingly de-
ployed where cultural values shape outcomes,
yet the values they express are rarely measured
on validated instruments, and where they have
been, the pipelines have gone unaudited. We ad-
minister the ten Integrated Values Survey items
defining the Inglehart—Welzel cultural map to
17 frontier open-weight models (10 Chinese-
origin, 7 Western) in both English and Chinese,
34 cells and 17,000 calls, projecting every re-
sponse through the same frozen pipeline as the
109 surveyed countries. An audit of our own
2024 public analysis first surfaced three defects
we correct and quantify, among them an SPSS
missing-value code read as data in 31.9% of
survey rows. Four findings follow. (i) Among
models that answer the instrument, every cell
occupies one small corner of the map (secu-
lar, self-expressive), in the 2026 cohort in all
330,000 cluster-bootstrap replicates, with Japan,
Germany and the Nordics as nearest neighbours
and no cell mean close to a non-Western cen-
troid; 2026 quadrant membership survives per-
axis worst-case placement of every refused item,
though the most human-proximal placements
rest on the two most-refused items. (ii) Chinese-
origin models express no distinctly Chinese val-
ues, and Chinese-language administration does
not move models toward the traditional pole: 15
of 16 move toward self-expression instead, de-
veloper origin predicts nothing detectable about
the shift (permutation p = 0.89), and the largest
displacement belongs to a French lab’s model.
(iii) Of the items that move, the only shift to-
ward the survival pole is petition-signing’s, the
only politically actionable item, indicating con-
text gating rather than value shift. (iv) Across
900 reasoning traces (single-annotator coding),
57% target the typical human answer and only
10% inhabit the persona: these models esti-
mate survey statistics rather than express val-
ues, and that estimate is systematically Western.
Non-response has meanwhile changed hands:
in 2024 five of nine attempted Chinese-origin

models produced no parseable output; in 2026
all ten parse, and refusal, recorded for the first
time, is concentrated in Western models. We
release the corrected pipeline and the full re-
sponse corpus, refusals and traces included.

1 Introduction

Culture shapes judgment, trust in automation, pri-
vacy expectations and health behaviour. As LLM-
generated text becomes a transmission channel for
language itself, models that systematically over-
represent one culture’s values can propagate those
values into every downstream context they touch.
Whether that risk is real depends on an empirical
question: what values do deployed models actu-
ally express, measured on instruments designed for
measuring values?

An earlier version of this analysis was released
publicly in July 2024 (Vimalendiran, 2024) and has
since been cited repeatedly in peer-reviewed venues.
This paper is what became of it under peer-review
standards: a full pipeline audit, three corrections,
uncertainty on every claim, and a designed exper-
iment where the original had a confound. We state
the defects openly, because the paper’s central argu-
ment is that instrument-based claims about model
values are only as good as the measurement code
behind them, and that applies to our own work first.
(1) Projection defects: the 2024 code projected
raw 1-10 model answers onto principal axes fitted
to standardised survey data and re-fitted the rotation
on the model scores, so model and country points
did not provably share a coordinate space; under
the correction 11ama3:70b moved 2.05 map units
(§3.2). (2) A silenced item: the SPSS user-missing
code —3 on the autonomy index Y003 (one of the
five items defining the traditional/secular axis) was
read as a datum in 31.9% of post-2005 rows, so
the item loaded ~0; recoding raises explained vari-
ance from 38.4% to 41.7%, each figure on its own
denominator (Appendix D). (3) Pooled elicitation



languages: the two models assigned to the Confu-
cian region in 2024 were administered only in Chi-
nese, and the one model administered in both had
its runs pooled across a 1.77-map-unit gap behind
an implied error bar of +0.1. Language is an exper-
imental factor and is treated as one throughout.

Contributions. (1) Methodological. A cor-
rected, validated, unit-tested, open pipeline: full
IVS reconstruction (EVS 1981-2017 + WVS
1981-2022) with probabilistic PCA retaining the
51% of rows listwise deletion would discard; a sin-
gle stored rotation applied identically to countries
and models; survey-design weights at aggregation;
two bootstrap estimators; two region-assignment
rules reported with the classifier’s cross-validated
accuracy; and classifier-free headline statistics with
replicate-simultaneity handled explicitly. To our
knowledge no prior instrument-based evaluation
of LLMs reports confidence regions for model
positions. (2) Empirical. An uncertainty-aware
map of the 2024 open-weight generation as eleven
model-language cells, with elicitation language the
largest single mover, a finding the 2024 analysis
mistook for a Confucian signal. (3) Experimental.
A factorial language x model design over the 2026
frontier generation (17 models, 10 Chinese-origin;
34 cells, 17,000 calls), turning the 2024 confound
into a designed within-model contrast and giving
the Confucian hypothesis its first genuine test
under both administration languages. It fails in
both arms; in 2024 the test was impossible (five
of nine attempted Chinese-origin models produced
nothing parseable), so the disappearance of that
limitation is itself a finding (§4.2).

2 Related Work

Values-survey instruments. Tao et al. (2024),
now in PNAS Nexus, is the founding work in this
line: administering WVS items to GPT-family
models, they find values resembling English-
speaking and Protestant European countries and
show cultural prompting can shift them. Eren et al.
(2026) extend that result to open-weight models,
so open-weight coverage alone is no longer novel;
our differentiation is measurement auditability:
full individual-level IVS reconstruction rather than
published country scores, one audited projection
path shared by countries and models, uncertainty
on every claim, and coverage of Chinese-developed
and alignment-stripped families under a language-
controlled protocol. LLM-GLOBE (Karinshak

et al., 2024) finds significant China—US model
differences on seven of nine GLOBE dimensions,
but both cohorts diverging significantly from
their own countries’ human ground truth: the
homogenisation pattern we measure on the
IW instrument. Luther and Brown (2025) find
DeepSeek expressing US-aligned values on
Hofstede’s VSM 13 under every prompting strategy
tried: converging evidence, by an independent
instrument, that Chinese-developed frontier models
do not express Chinese-aligned values.

Elicitation-language effects. Bulté and
Rigouts Terryn (2025) probe ten LLMs with
Hofstede/WVS items in eleven languages and
independently establish that prompt language shifts
expressed values while models stay anchored to a
small set of cultural defaults, though the magnitude
is contested (a direct replication of a flagship
result reports near-zero effects (Sun and Wang,
2025)). Ours is a different comparison: elicitation
language against developer origin, per model,
and our contribution is not the existence of the
effect but its magnitude relative to sampling
uncertainty on a validated instrument (1.77
map units against per-cell SDs of ~0.1), plus the
demonstration that our own 2024 Confucian-region
assignments rest entirely on cells where elicitation
language and developer origin are perfectly
confounded. Kazemi et al. (2024) supply the
most direct mechanistic account: the volume of
online language resources predicts how faithfully
a model represents a country’s WVS values (44%
of variance in GPT-4o; error rates five times higher
in the lowest-resource languages). Under that
account both the homogenisation we observe and
the language-of-administration shift are footprints
of resource-weighted training distributions.

Survey validity for LLM respondents. Rup-
precht et al. (2025) run 167k simulated WVS
interviews and document human-like response
biases, including the central-tendency behaviour
we quantify (§5), plus item nonresponse from
censored models. Himelstein et al. (2026) show
refusal masks rather than removes value-laden
bias, upgrading our “conditional on answering”
limitation from a selection caveat to a mechanism
claim, and Taday Morocho et al. (2026) find
persona conditioning degrades alignment with real
respondents (see also Li et al., 2025), supporting
our choice not to persona-condition.



Where this paper sits. A measurement paper
with a thesis the elicitation and steering literatures
presuppose but rarely check: that the measurement
itself is right. Where they show what models can ex-
press, we pin down what they do express by default.
The broader toolkit (Dang et al., 2026; Dang and
Masud, 2026; Greco et al., 2026; Dai et al., 2025;
Tan et al., 2026) and the linguistic-relativity back-
ground (Au, 1983) are reviewed in Appendix G.

3 Method

3.1 Instrument and survey data

The Inglehart—Welzel (IW) map (Inglehart and
Welzel, 2005) places societies on two axes
(survival vs. self-expression and traditional vs.
secular-rational) derived from ten IVS items, listed
with their scales and translations in Appendix B.
We merge the EVS Trend File 1981-2017 (EVS,
2022) and the WVS Trend 1981-2022 (Haerpfer
et al., 2022) with the published merge syntax, filter
to waves from 2005 onward, recode out-of-range
SPSS user-missing sentinels to missing before
any completeness filtering (range-driven per item,
so any sentinel is caught, not only the Y003 -3
that bit the 2024 analysis), and require at least six
of ten items per respondent: 391,630 individual
responses across 109 countries and territories.
Country aggregation applies the IVS equilibrated
weight (S017). Missingness is largely by design:
items rotate in and out of country-waves, the
benign case for model-based imputation (Little and
Rubin, 2019), and why we retain the 51% of rows
complete-case analysis would discard.

3.2 The projection pipeline

Probabilistic PCA (Tipping and Bishop, 1999) im-
putes missing entries from a fitted two-dimensional
Gaussian latent model rather than from the margin,
which neither listwise deletion (it selects on the
survey design, so whole country-waves vanish)
nor marginal imputation (it destroys the cross-item
covariance the components are estimated from)
can do. The two components explain 41.7%
of the variance (of the EM-completed matrix’s
total, which conditional-mean imputation shrinks
slightly below the nominal ten).

Standardisation. Each item is z-scored with pa-
rameters frozen at fit time. The items natively span
1-2 (trust) to 1-10 (religiosity), so projecting un-
standardised model answers onto axes fitted to stan-
dardised survey data (the 2024 defect) let the wide-

range items dominate every model’s position re-
gardless of its answer profile.

Rotation, fitted once and stored. A varimax
rotation is fitted once, on the training score matrix,
stored as an explicit orthogonal matrix, and there-
after only applied; § = —39.6°. Fitting varimax
to the score matrix with Kaiser row-normalisation
is not the textbook loadings rotation but is in the
family of the score-side varimax of Rohe and Zeng
(2023), with two acknowledged deviations detailed
in Appendix C. We adopt it because its output
matches the recognised IW orientation, and release
the full sensitivity grid rather than presenting
the choice as inevitable. Because the rotation is
applied to unwhitened scores the two plotted axes
are correlated at r = 0.37; no claim depends on
their being uncorrelated, but readers eyeballing
“independent” axes should know.

Rescaling, and the frozen path. The published
WVS constants presuppose unit-variance factor
scores, so rotated scores are standardised by their
fitted standard deviations s before the constants a, b
are applied; omitting this (as in 2024) inflates the
absolute scale by the fitted score SDs themselves,
s = 1.45/1.35, which matters because region cen-
troids and all distance statistics live on the absolute
scale. The frozen path for any projected point is

(x—p)/o) CRa
s

position = + b,

with every parameter fixed at fit time, read elemen-
twise where shapes differ (x, yt, o are 10-vectors,
C the 10 x 2 loadings, R the stored rotation, s, a, b
per-axis pairs). That is the entire correction
of the 2024 defect, and the pipeline enforces it
structurally: there is one project () method, it
takes raw responses, and countries and models
both go through it. Three released checks gate it:
exact path identity over 191,704 rows, correction
accounting against our 2024 published coordinates
(R? = 0.990, 0.993), and recovery of the published
loading structure, detailed in Appendix D.

3.3 Administering the survey to models

Each model receives each item under ten system-
prompt persona variants (‘““You are an average hu-
man being responding to the following survey ques-
tion...”, nine near-paraphrases), five repeats each:
500 calls per model-language cell. Strict per-item
parsers validate responses, with up to 15 (2024) / 3
(2026) re-asks on parse failure and a trailing primer



as refusal mitigation; both are measurement choices
we return to in Limitations. The 2024 corpus
decomposes into eleven cells (seven English-only,
two Chinese-only, one in both); the 2026 design
crosses all 17 models with both languages (34 cells
of 500 calls each, collected to design completeness),
with the Chinese arm using corrected translations
(Appendix B), so §,, is estimated under an other-
wise identical protocol. Where the 2024 harness
stored only the parsed value (so prompt-level
variance could not be decomposed retrospectively
and refusals left no trace), the 2026 harness records
raw text, reasoning trace, variant id, repeat index,
per-attempt errors and latency. Refusals are data.

3.4 Uncertainty

Because the frozen pipeline is affine in the item
values, a model’s mean position depends only on
its per-item means, so the 2024 analysis’s arbitrary
pairing of responses into pseudo-respondents
never affected where a model landed; the variance
does depend on the design, since all ten items
share the same ten prompt variants (derivation in
Appendix E). The item bootstrap (B = 1,000)
resamples each item’s responses independently,
forcing those non-zero cross-item covariances to
zero; with mixed-sign item weights that is not a
guaranteed bound, and empirically it understates
the cluster bootstrap on 27 of 33 2026 cells. The
cluster bootstrap (B = 10,000) resamples the
ten prompt variants and is primary wherever the
variant id was recorded. On the 2026 corpus
cluster-bootstrap regions are substantially larger
(median per-cell SD-product ratio 2.9x), routinely
the difference between “significantly apart” and
“not”. All 2024 ellipses omit the cross-item term,
the variant id not having been recorded; at ten
clusters the cluster bootstrap is itself approximate
(Cameron et al., 2008). Replicate clouds pass
an ellipticity check; the plotted region is the
normal-theory ;(%'95’2 set under the replicate co-
variance (definition in Appendix E): a confidence
region for the mean position, not for the response
distribution. At K = 10 clusters the yZ radius
under-covers (simulated coverage =~85%; Ap-
pendix E gives the conservative Hotelling radius).
Region assignment is reported under two rules of
different type, an RBF-SVM over the 109 country
coordinates and the nearest region centroid. The
SVM’s cross-validated accuracy is 0.57 against a
training accuracy of 0.67 (eight classes with as few
as six countries each), and “positional stability”,

the share of replicates falling in a fixed decision
region, says nothing about that ~43% error rate.
The claims the abstract makes therefore route
through no classifier: per replicate we compute the
distance from the pooled human respondent mean
(at (0.38,-0.01) by construction), the share of the
109 countries closer to it than the model is, and
the minimum distance to any non-Western region
centroid (non-Western: all regions except Protes-
tant Europe, English-Speaking, Catholic Europe;
the quadrant is the region above the pooled human
mean on both axes). Statements of the form “holds
in every replicate” describe the resampling output;
union-bounded over 33 independently bootstrapped
cells, the joint tail is at most 0.01 (Appendix E).

3.5 Refusals, and the selection they induce

Refusals are informative missingness. In the 2026
collection, 215 of 17,000 calls (1.26%) failed
to parse, concentrating on abortion (107) and
homosexuality (82), the items the design flagged
in advance. Every major refuser is Western:
gemma4 : 31b (28 failed calls in the English arm),
nemotron-3-ultra (40 en / 88 zh) and gpt-
0ss:120b (10 en / 15 zh); the only Chinese-origin
model with more than two refusals is minimax-m3,
which answers everything in English and refuses
only under Chinese administration (19 zh failures,
13 of them F118). Phrasing splits into Al-identity
boilerplate and premise rejection, with verbatims
in Appendix B; marker-classified counts are con-
servative floors. The inferential problem: inclusion
requires enough parsed responses on every item,
and the most-refused items are the two largest
positive self-expression loaders, so the sample is
selected on a variable correlated with the outcome.
Every “all models land in X” claim is strictly condi-
tional, among models that answer the instrument; a
2024 Manski-style bound (Manski, 2003) would not
preserve the unconditional claim, which is why the
conditional phrasing is not optional (Limitations).

4 Results

4.1 The corrected 2024 cohort

The headline, classifier-free. Every 2024
model-language cell’s mean position lies farther
from the pooled human respondent mean than at
least 95% of the 109 surveyed countries (minimum
95.4%), and none comes within 1.6 map units of
any non-Western region centroid (minimum 1.69).
The replicate-simultaneous bounds (holding in



every replicate of every cell) are 82% and 1.2 units,
and every replicate sits in the quadrant; six of the
eleven cells sit above the most secular country on
the map (Japan, PC2" = 1.81; the median country
is 1.3 units from the human mean, the farthest,
Sweden, 3.4). The SVM assigns three cells to the
Confucian region while nearest-centroid assigns
all eleven to Protestant Europe; the disagreement
is informative (the three calls extrapolate into map
territory containing no countries, their nearest
country Japan, an outlier within its own region),
and one of the three is the English-administered
qwen2: 7b, reported as Protestant European in the
2024 analysis: the Confucian region is not even
stable across the corrections (Appendix A).

Language, not origin, is the largest mover.
qwen?2:7b is the only 2024 model administered
in both languages: its two cells lie 1.77 map units
apart, more than ten times its sampling SDs, be-
coming markedly more traditional under Chinese
administration on national pride, religiosity and
respect for authority. The two remaining Chinese-
administered cells were only run in Chinese, so
origin and language are perfectly confounded for ex-
actly the cells that carried the 2024 Confucian claim:
the only cells that ever looked Confucian are those
administered in Chinese, and the one model mea-
sured both ways moves 1.77 units when the language
changes. Every correction moved coordinates
(11ama3:70b by 2.05 map units; full displacement
accounting in Appendix D); none changed the qual-
itative conclusion — though rank-preserving pertur-
bations could hardly have; the breakable checks are
Appendix C’s battery, survived with the F118/F120
dependence disclosed there.

4.2 The 2026 frontier generation, both arms

The 2024 limitation dissolved. Ten of ten
attempted Chinese-origin frontier models produced
a fully usable corpus in both languages (Clopper—
Pearson 95% CI [69%, 100%]), against four of nine
in 2024 ([14%, 79%]; 4/7 under the conservative
denominator, Appendix A), the one longitudinal
statistic this design licenses. Every Chinese-origin
cell parses at > 96.2%; the 2024 failure mode
is gone without trace; the binding constraint has
moved from can the model answer to will it, and
the models that won’t are Western (§3.5).

Positions. All 33 usable cells (17 models x 2
arms, minus the excluded nemotron-3-ultra
[zh]) land in the secular/self-expression quadrant

in every one of their 10,000 cluster-bootstrap
replicates (Figure 1): 330,000 replicates without
exception (equivalently all 330 variant means,
every cell mean >4.8 cluster SDs inside; Ap-
pendix E), worst replicate positions PC1" = 0.64
and PC2" = 0.16 against the human mean
at (0.38,-0.01) (Table 2); the quadrant does,
however, contain the all-midpoint response vector
(0.65,2.09; §5). But the 2024 headline bounds do
not replicate at their 2024 values: 27 of 33 cells
break one or both in at least one replicate, and the
2026 cell-mean floors are 67% and 0.81, both from
minimax-m3 [en], the most human-proximal cell
in either cohort (1.60 units from the human mean;
beyond the median country’s 1.29 in 99.4% of repli-
cates). What the data does support simultaneously
is that every replicate of every usable cell sits in
the quadrant, farther from the human mean than at
least 41% of countries, and never within 0.38 units
of a non-Western centroid; the beyond-the-median-
country statement holds in every replicate of 32
of 33 cells, and in 99.4% of minimax-m3 [en]’s.

Attenuation is arm-specific. English-arm
distances run 1.60-3.21 (median 2.22, versus
2.71 across the eight 2024 English cells, 14 of 17
closer than the closest 2024 English cell) while the
Chinese arm runs 2.09-3.35 (median 2.70, no atten-
uation). English-arm distances also concentrate in
the quartiles, their IQR collapsing to 0.10 map units
against 2024°s 0.39 (the full range widens, 1.61 vs
0.53, minimax-m3’s doing), while pairwise disper-
sion between models is unchanged (0.79 vs 0.77):
the cells converge on a common distance from
humanity rather than on a single point. Read de-
scriptively (the cohorts differ in scale, serving and
retry protocol; see Limitations), homogenisation
persists in kind and attenuates in degree under
English administration; within 2026 the most
human-proximal cells belong to the newest Chinese-
origin models. Every cell’s nearest neighbour is
a high-income secular society, Japan most often,
and the excess is secularism, not self-expression:
twelve of 33 cells are more secular than Japan; none
exceeds Sweden on self-expression (Appendix F).

Language of administration, now a designed
factor. The within-model contrast §,, is es-
timable for 16 models (Figure 6); the language
effect persists at multiples of sampling noise,
and its net direction inverts. Mean displacement
16,1 = 0.65 map units (95% CI [0.52, 0.81];
range 0.18-1.51) against per-cell sampling SDs



2026 frontier cohort: both administration arms (cluster-bootstrap 95% regions; arrows en-szh)
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Figure 1: The 2026 cohort, both arms: diamonds English administration, triangles Chinese, arrows en—zh per
model, colour by origin cohort, cluster-bootstrap 95% regions. The arrows point info the corner.

of ~0.1; [8,,ll is the plug-in norm of the mean
displacement (Appendix E); the folded means of
replicate-paired norms in the released artefact read
0.69 [0.56, 0.84], range 0.26—1.52 (a norm interval
is bounded below by zero, so excluding zero carries
no inferential content: the signed components
carry the inference). The 2024-derived hypothesis,
that Chinese administration shifts positions toward
the traditional pole, fails: only 5 of 16 models
move down the secular axis (sign test p = 0.21;
pre-specified directional p = 0.96; SPC2" mean
+0.11 [-0.04,0.25], a null leaning the other way),
while 15 of 16 move toward self-expression
(8PC1” mean +0.48 [0.27, 0.69]). The origin x
language interaction is null: permutation tests (10%
permutations) give p = 0.56, 0.22 and 0.89 on
SPC1’, sPC2" and 8, (folded-norm estimator:
0.93), with near-identical cohort means (0.64
vs 0.67); at 10 versus 6 models the test resolves
only differences =0.5 map units. The largest
displacement in the cohort belongs to mistral-
large-3:675b, a French lab’s model (1.51 units
[0.91, 2.04]); we find no evidence that country of
origin moves a model between languages.

The Confucian hypothesis, refuted in both
arms. Chinese-origin models under English
administration do sit nearer the Confucian centroid
than Western models (1.45 [1.32, 1.58] vs 1.85

[1.74, 1.96]; cluster-bootstrap Cls, Western n = 7
en and n 6 zh after the voided cell), and
native-language administration moves them farther
away, to 1.97 [1.86, 2.09] (Western: 2.14 [2.03,
2.26]). The rules agree on 25 of 33 cells; every cell
both assign to Confucian is English-administered
(deepseek-v4-pro, minimax-m3 and, again, the
French lab’s mistral-large-3:675b). Under
Chinese administration nearest-centroid assigns
every cell to Protestant Europe. One caution: the
binding non-Western centroid is Confucian in
all 330,000 replicates, so the honest summary is
that these cells sit in sparse territory between the
Protestant-European cluster and Japan, not that any
expresses a Confucian value profile. The 2024 story
is inverted at the frontier: what little Confucian
proximity exists appears under English adminis-
tration, is not exclusive to Chinese-origin models,
and is erased by the very administration language
the origin story predicts should strengthen it.

Where the language effect lives, item by item.
Per-item contrasts (two-sided exact binomial sign
tests over the 17 models, ties dropped from the
test denominator, Benjamini—-Hochberg over the ten
items) localise the shift: under Chinese administra-
tion models report more interpersonal trust (A165:
15 of 16 non-tied models toward the trusting pole,
one tie, BH p = 0.003), more autonomy-oriented



child-rearing values (Y003: 13 of 15, two ties, BH
p = 0.025), and less petition-signing (E025: 16 of
17 away from “have done”, no ties, BH p = 0.003),
with justifiability of abortion marginal (F120: 13 of
16, one tie, BH p = 0.053) and respect for authority
a weaker trend, also liberalising (EO18: 13 of 17
toward less respect, no ties, BH p = 0.098); God,
national pride, homosexuality-justifiability, happi-
ness and post-materialism are flat. Counts include
nemotron-3-ultra’s Chinese arm, whose F120
entry rests on the 4 parsed responses voiding its
position estimate; excluding it moves F120 to 12 of
15, BH p = 0.088, changing nothing else. The pre-
specified 2024-derived per-item predictions (G006,
F063 and EO18 shifting traditional-ward) fail item
by item: the first two are flat and EO18 trends
the other way. The items moving toward the self-
expression pole are values-expression items; the
one moving toward the survival pole is the only
politically actionable item on the instrument — a
signature that reads less like a culture shift than
like political-context gating: the same weights, ad-
ministered in Chinese, hedge on the one behaviour
sensitive in the Chinese political context while liber-
alising on the rest. A follow-up contrast, formulated
after the per-item result and selected on E025’s out-
lier status (so its p is descriptive, not confirmatory),
sharpens it: among the five refusal-sensitive items,
petition-signing’s shift is more survival-ward than
the mean of the other four in 16 of 17 models (me-
dian contrast —0.22 map units, exact sign test p =
0.0003). Two candidate mechanisms are testable
here and both come back null (Appendix F): as far
as those probes see, whatever carries the effect op-
erates below deliberate reasoning about the answer.

Refusal is language-dependent, with model-
specific sign. Administration language real-
locates refusal far more than it shifts it: gross
per-model change )’ |zh — en| = 72 against a net
arm change of +16, carried mainly by two opposite-
sign swings (per-model counts, ratio bracketing
and a random-sign reference in Appendix F), and a
paired sign test detects no aggregate direction (6 of
8 non-tied models higher under Chinese, p = 0.29;
n = 8 carries little power). The Manski bound cov-
ers the worst case: placing every failed call at its
most survival/traditional admissible value moves
no cell out of the quadrant, including nemotron-
3-ultra [zh], whose per-axis worst-case bounds
(PCl, 0.74, pC2’ 0.72, each from its own adver-
sarial fill) remain well inside it (scope notes in

Appendix F). For quadrant membership among the
2026 tested models the conditional-on-answering
caveat is no longer load-bearing; it remains load-
bearing for the distance statistics and for the most
human-proximal cells’ placement (Appendix C).

What moves a model. A nested variance
decomposition over all 17,000 calls (Table 4;
per-level mean squares, the language term pooling
the language main effect with the model x language
interaction) shows that on the self-expression axis
administration language contributes call-level
variance of the same order as model identity
(mean-square shares 18.9% vs 17.8%; an orthog-
onal partition, which undoes the two-level factor’s
mean-square inflation, puts model ahead at 21.0%
vs 11.8%), while on the secular axis model iden-
tity dominates language under either convention
(18.4% vs 9.1%). To our knowledge no prior values-
instrument evaluation of LLMs reports a decompo-
sition of this kind. Within families, versions matter
more than vendors and vendors more than origin:
a version snapshot moves a model up to 1.69 map
units from its same-name sibling while code spe-
cialisation moves (.13, and mean language displace-
ment per vendor spans over fourfold (0.35 to 1.51)
against origin-cohort means of 0.64 and 0.67 (de-
scriptive; several vendors are single models; sibling
pairs and scale ladders tabulated in Appendix C).

5 Discussion

Four readings deserve separation. Training-data
gravity: web-scale corpora overrepresent English
and Western European text, and models may absorb
their corpus’s modal values regardless of developer
intent. Alignment convergence: labs draw on sim-
ilar preference data and notions of harmlessness,
themselves culturally situated, though the three
uncensored dolphin fine-tunes sitting inside the
main cluster suggest alignment is not the only chan-
nel. Measurement artefact: the map is not centred
on the response scale; a respondent choosing the
midpoint of every item projects to (0.65,2.09),
above Japan on the secular axis: mid-scale or modal
responding registers as secularity here. Differen-
tial refusal gating: what changes with elicitation
language may be partly the refusal boundary rather
than the expressed value (Xie et al., 2025); our
arms show language changes who refuses (§4.2).

The traces say these models are estimating, not
expressing. The third reading is testable: the



2026 corpus records how models decide. Coding
900 stratified traces across the 30 trace-emitting
cells (one LLM-based annotator, no second coder;
code counts and verbatims released with the
corpus; the four non-emitting cells belong to the
two non-thinking models — the cohort’s most
deterministic responders and its largest language
displacement among them — so the trace sample is
itself selected), 57% explicitly target the typical
or majority answer, only 10% reason as the
persona expressing first-person values, and 48%
invoke the model’s Al identity or guidelines mid-
deliberation. On the most natural reading these
models are estimating a survey statistic rather than
expressing a value, and the estimate is systemati-
cally Western, which relocates rather than dissolves
the finding: what is Western is the model’s belief
about the typical answer. Yet the pre-specified
cross-cell check is null: midpoint distance is
uncorrelated with secularity across the 33 cells
(Spearman p = 0.05, BH p = 0.96, m = 7 family),
so modal responding does not explain which cells
sit higher; a common upward offset shared by all
cells, the reading the non-centred scale invites,
is not excluded (Appendix G). Five of the seven
family members are trace-length correlations stored
censored at 2,000 characters (five cells’ medians
at the cap), so those nulls read as absence of large
effects rather than precise zeros. The language
finding cuts across all four readings: whatever pro-
duces a model’s English-elicited values, Chinese
elicitation of the same weights produces materially
different ones, and the direction itself flipped be-
tween generations; for deployment that may matter
more than the homogenisation, since the values a
user encounters depend on the language they ask in.

How many independent choices? Post-training
selects a model’s expressed opinions (Santurkar
et al., 2023; Ryan et al., 2024; Rozado, 2024;
Choenni et al., 2024), its inputs decided by small
groups (Ouyang et al., 2022; Huang et al., 2024);
our data localises the values in that layer: a within-
lab version update moves a model farther than most
between-lab distances while code specialisation
moves nothing, vendor identity rather than origin
country lines up with language sensitivity, and on
four of ten items (F118, F120, Y003, E025) all
seventeen models deviate from the human item
means in the same direction under English adminis-
tration; a pre-specified keying diagnostic rules out
acquiescence as the driver (E025 keys opposite to

the other three and moves opposite on the raw scale;
net midpoint deviation 0.02-0.09, Appendix E),
though not extreme or central-tendency responding,
which the trace analysis above addresses. If those
artefacts also propagate berween labs through the
synthetic-data ecology (Sun et al., 2025; Shimabu-
coro et al., 2024; Gudibande et al., 2023; Jiang
et al., 2025), the effective number of independent
value-setting decisions behind a “17-model” cohort
may be far smaller than seventeen — predicting
exactly the origin-independence and vendor sig-
natures we observe, and fitting our one test of this
family (Chinese-origin models are more alike each
other, exact permutation p = 0.006; a model-level
permutation over seventeen models from nine
vendors, so a vendor-composition artefact cannot
be excluded; two further cautions in Appendix G).

Defaults, not destiny, and not ephemera either.
Two objections bracket this work. The first: the
positions are not fixed — cultural prompting shifts
models toward local norms (Tao et al., 2024),
persona conditioning and activation steering
further still (Dang et al., 2026; Dang and Masud,
2026). We agree; this paper measures the default,
the position a model takes when nobody asks it to
be anyone in particular — what the overwhelming
majority of deployments ship. The second: LLM
survey behaviour is too ephemeral to pin down.
Our design answers quantitatively: within a fixed
condition positions are tight (cluster-bootstrap SDs
0.04-0.32 map units across ten paraphrases); across
elicitation language they move 1.77 units (2024
bilingual model) and a mean of 0.65 (2026 cohort);
and no condition we tested moves any model out of
the quadrant, consistent with independent stability
findings (Moore et al., 2024; Kovac et al., 2024;
Huang, 2026). The synthesis: stable defaults,
measurable conditional structure, steerable in
principle — a model’s cultural positioning is a
design choice, one every deployment currently
makes by not making it (what interpretability
would add: Appendix G).

What the result establishes. On the standard in-
strument for cross-cultural value variation, under an
audited protocol, among models that answer it: ev-
ery model-language cell expresses the values of one
narrow cluster of societies (secular, self-expressive;
Japan, Germany, the Nordics), in whichever
language it is asked; the language shifts which
position within that cluster, and for deployments
far from it the burden of proof is the deployer’s.



Limitations

The claim is conditional on answering. Inclu-
sion requires parseable answers to all ten items,
and the most-refused items are the two largest self-
expression loaders; the sample is selected on a vari-
able correlated with the outcome (§3.5). All claims
read “among models that answer the instrument”;
exclusions are reported with per-item parse rates.
For the 2024 cohort (where five attempted models
produced no parseable output at all) a worst-case
bound would not preserve the unconditional claim;
for the 2026 cohort the Manski bound does preserve
quadrant membership for every cell including the
one exclusion (§4.2), though not the distance-based
bounds.

Retry-until-parse is rejection sampling. Up to
15 (2024) / 3 (2026) re-asks condition the retained
distribution on terse compliance; if willingness to
answer with a bare number depends on the answer,
the retained sample is shifted toward unhedged an-
swers, more strongly where more retries were per-
mitted. The 2024 corpus does not record attempt
counts; the 2026 corpus records counts but not re-
jected drafts.

The primer’s rendering is uncontrolled. The
refusal-mitigation primer is sent as a trailing sys-
tem message; chat templates render it model-
specifically, so prompt strings are protocol-identical
across cohorts but rendering is not.

The default condition is not a neutral one. Mod-
els infer who is asking, and political-bias audits
have been shown to capture sycophancy toward the
inferred auditor (Tornberg and Schimmel, 2026).
Our survey framing is a deliberate, disclosed inter-
locutor; an interlocutor-crossed replication is the
natural robustness arm and we did not run it.

Construct validity. Survey answers from models
may not predict model behaviour in open-ended
generation; human survey-behaviour correlations
do not transfer automatically, and central-tendency
responding partially mimics secularity on this in-
strument (§5).

Unofficial Chinese translations. The Chinese-
arm prompts are the authors’ translations; the WVS
publishes official Chinese questionnaires, and ours
are not them. Reasoning traces show four Chinese-
origin models (both GLM generations, kimi-k2.6,
gwen3.5:397b) parsing the Chinese Y003 stem as

concerning study skills rather than child qualities, a
caveat attaching directly to Y003’s BH-significant
Chinese-arm shift (§4.2). Appendix B documents
the 2024 translation defects that were corrected;
this residual fragility is disclosed rather than fixed.

Instrument contamination. The ten IVS items
are public text in web training corpora, and the
reasoning traces show at least one model naming
the World Values Survey and quoting typical coun-
try answer ranges (§5). Familiarity with the in-
strument cannot be excluded; it would compress
expressed positions toward remembered survey av-
erages rather than reveal independently held values.

Frozen instrument, dated reference. The pro-
jection is fitted once on the 2005-onward waves of
the 1981-2022 EVS/W VS trend releases and frozen,
deliberately, since refitting per cohort would place
each cohort in its own coordinate space. All state-
ments are relative to that surveyed human value
structure, not to human values in 2026.

Incommensurable error bars. Country coordi-
nates inherit unpropagated imputation uncertainty;
model ellipses carry sampling (2024) or prompt-
cluster (2026) uncertainty only. The two point types
on Figure 2 are not directly comparable in precision.
After the sentinel recode, EM imputes Y003 for en-
tire countries from the other nine items: legitimate
under missingness-by-design, but model-based ex-
trapolation for those countries, which are listed in
the repository.

Nominal coverage at ten clusters. The 95% el-
lipses use the conventional y? radius; with only
ten prompt-variant clusters behind the replicate
covariance, a simulation calibrated to the design
puts true coverage near 85% (Appendix E gives the
conservative Hotelling alternative). No headline
claim rests on a single ellipse boundary, but the
same K = 10 resampling underlies every cluster-
bootstrap interval in the paper, so interval-based
comparisons should be read as descriptive.

Monte Carlo and seed sensitivity. Across 20
EM seeds the rotation angle spans 5.2° and country
coordinates move by mean SD 0.02 (max SD 0.08;
worst-case range 0.26 units); the coordinate disper-
sion is small but the same order as some reported
displacements, and the rotation dispersion is not
negligible. The full multi-seed budget ships with
the repository.



2024/2026 comparability. The cohorts share no
models and differ simultaneously in serving pre-
cision (Q4-quantised local vs. undisclosed cloud),
scale (7B=70B vs. 20B—675B), retry intensity, and
survivorship. We plot them on one map (the in-
strument is frozen; the coordinate space is shared
by construction), report them as two independent
cross-sections, run no pooled tests, compute no
per-model cross-cohort displacement, and allow
one longitudinal statistic: the coherence rate of at-
tempted Chinese-origin models.

Convenience samples. Neither cohort is a ran-
dom sample of “open-weight models”; both are
what was locally runnable or cloud-served at one
moment. Population-level statements are scoped to
the tested sets.

Ethics Statement

This work measures values expressed by publicly re-
leased model weights against publicly documented
survey instruments; no human subjects were in-
volved beyond the pre-existing, consented IVS col-
lections, used under their data-use agreements. The
microdata cannot be and is not redistributed; sur-
vey item texts are © WVS/EVS and reproduced
for research and replication only. Cultural-region
labels are the IW map’s analytical categories, not
judgements of societies. The finding that models
underrepresent most of the world’s value profiles
is not a claim about which values are correct, and
steering models toward any particular cultural pro-
file (including the ones they currently express) is a
normative decision this paper does not make.
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2024 cohort (eleven model-language cells). Po-
sitions are in Table 1. Models were served locally
via Ollama, Q4-quantised GGUF builds (commu-
nity quantisations, chiefly TheBloke’s), on con-
sumer hardware.

Attempted in 2024 but excluded for pro-
ducing no parseable responses. yi:34b,
aquilachat2:34b, glm4:9b, xuanyuan:70b,
kingzeus/llama-3-chinese-8b-instruct-
v3 (five distinct models). Several were not then
distributed through the Ollama registry and were
deployed via hand-written Modelfiles wrapping
community GGUF quantisations; that workaround
is why deployment provenance for these runs is
thinner than for the responsive cohort, and it is one
reason the 2026 protocol moved to cloud serving
with full per-call provenance. Failure modes
recorded at collection time: yi:34b and glm4:9b
answered with a bare “.”; aquilachat2:34b
answered . or echoed the prompt; xuanyuan:70b
produced unintelligible output; kingzeus/..-v3
failed intermittently.

2026 cohort. 17 cloud-served models. Chinese-
origin: deepseek-v4-flash, deepseek-v4-
flash:0731, deepseek-v4-pro, glm-5.1, glm-
5.2, kimi-k2.6, kimi-k2.7-code, minimax-
m2.7, minimax-m3, qwen3.5:397b. Western:
gemma4:31b, gpt-oss:20b, gpt-oss:120Db,
mistral-large-3:675b, nemotron-3-
nano:30b, nemotron-3-super, nemotron-
3-ultra. An eighteenth model, kimi-k3
(Chinese-origin), was planned but excluded before
any data was collected: every call returned a billing
error (the model requires metered “extra usage”
outside the serving subscription), so zero records
exist: a provisioning failure, not a model behaviour,
and it plays no part in any denominator. Serving
precision is not disclosed by the provider and is
carried as a confound wherever the cohorts are
shown together.
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Inglehart-Welzel Cultural Map with LLM positions (corrected projection, 95% bootstrap Cls)
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Survival vs. Self-Expression Values

Figure 2: The corrected map. The model cluster sits on the country cloud’s secular, self-expressive rim: six of the
eleven cells are more secular than Japan, the most secular country; [zh] marks Chinese administration. Ellipses are
item-bootstrap 95% confidence regions for the mean position; the 2024 corpus did not record the prompt-variant
identifier, and on 2026 data the item bootstrap understates the cluster bootstrap on most cells (§3.4).

nemotron-3-ultra [zh] isexcluded from po-
sition estimates (F120 parsed 4/50, under the 10-
response threshold; its worst-case Manski bound
still lies inside the secular/self-expression quadrant,
§4.2), so its §,, is not estimable; all other 33 cells
meet the threshold on every item, and no inclusion
decision changes at thresholds 5 or 25 (Appendix C).
Its marker-classified refusal count is a floor: every
one of that cell’s 34 residual format-classified fail-
ures is a first-person prose declination verified by
reading each, so its substantive refusals lie between
54 and 88.

Coherence, the one longitudinal statistic (Cls in
§4.2): 4/9 attempted Chinese-origin models pro-
duced a usable corpus in 2024 against 10/10 in
2026. The 4/9 takes the recorded 2024 model
list at face value; the yi and glm Modelfiles both
point at the AquilaChat2 GGUF, so three of the
five failures may have been one model tested three

times, which would put the denominator as low as
seven (4/7, Clopper—Pearson 95% CI [18%, 90%]).
Fisher’s exact two-sided test on the contrast gives
p = 0.011 against 4/9 and a marginal p = 0.051
against 4/7: significant under the recorded de-
nominator, borderline under the conservative one.
kimi-k3 is excluded from the denominator (zero
records). For this statistic “Chinese-origin” means
Chinese-developed or Chinese fine-tuned in 2024,
and Chinese-developed in 2026; the denomina-
tors are convenience samples of what was locally
runnable or cloud-served, not a fixed population.

B The ten IVS items, the elicitation
protocol, and refusal taxonomy

Items. Full prompt texts with response-format
instructions, in both languages, are in the repos-
itory. AO008 happiness (1-4), A165 trust (1-2),
EO018 respect for authority (1-3), E025 petition



Model-language cell Origin PC1’ (#sd) PC2’ (+sd) SVM (pos. stab.) Nearest centroid % closer
dolphin-1lama3:8b uncensored 2.31 +£0.13 2.19+0.16 Prot. Europe (1.00) Prot. Europe 98%
dolphin-mistral:7b uncensored 2.48 £ 0.15 1.37 £0.16 Prot. Europe (1.00) Prot. Europe 96%
dolphin-mixtral:8x7b uncensored 2.56 +£0.12 1.12+0.10 Prot. Europe (1.00) Prot. Europe 96%
gemma2:27b Western 242 +0.08 2.15+0.04 Prot. Europe (1.00) Prot. Europe 98%
llama2-chinese: 13b [zh] Chinese f.t. 1.63+0.16 2.11 +0.16 Confucian (0.85) Prot. Europe 95%
1lama3:70b Western 2.10+0.08 1.99 +0.02 Prot. Europe (1.00) Prot. Europe 97%
mistral:7b Western 3.04+0.06 1.35+0.04 Prot. Europe (1.00) Prot. Europe 98%
qwen2:7b [en] Chinese 1.79 +0.09 2.38 + 0.09 Confucian (0.90) Prot. Europe 97%
qwen2:7b [zh] Chinese 2.77+0.13 0.91 +0.16 Prot. Europe (0.97) Prot. Europe 96%
wangrongsheng/

1lama3-70b-chinese-chat Chinese f.t. 2.54+0.11 1.35+0.09 Prot. Europe (1.00) Prot. Europe 96%
wangshenzhi/

gemma2-27b-chinese-chat [zh] Chinese f.t. 1.54 +£0.14 2.73 £ 0.12 Confucian (1.00) Prot. Europe 98%

Table 1: The corrected 2024 cohort, replacing the coordinates of our 2024 public analysis: positions with item-
bootstrap standard deviations, region assignments under both rules, and the classifier-free percentile of countries
lying closer to the human mean. Bold nearest-centroid entries mark the three cells where the two rules disagree:
exactly the cells that carried the 2024 Confucian claim.

Model Origin  Parse en Parse zh en position (PC1 /, PCZ’) zh position 18,1 [95% CI]
deepseek-v4-flash Chinese 100.0% 100.0% (1.54 +0.14, 1.32+0.09) (1.61 +0.19, 1.74 +0.10) 0.42[0.23, 0.82]
deepseek-v4-flash:0731 Chinese 100.0% 100.0% (2.42 +0.24, 0.76+0.16) (3.14+0.18, 1.03 +0.08) 0.77 [0.33, 1.33]
deepseek-v4-pro Chinese 100.0% 100.0% (1.29 +0.16, 2.01 +0.24) (1.66 + 0.09, 2.17 +0.12) 0.41[0.13, 0.91]
glm-5.1 Chinese 100.0% 100.0% (1.72+0.14, 1.76 +0.18) (2.33 +0.20, 1.91 +0.21) 0.63 [0.24, 1.22]
glm-5.2 Chinese  99.8% 100.0% (2.52 +0.32, 0.78 +0.13) (2.81 +0.25, 1.51 +0.18) 0.79 [0.41, 1.46]
kimi-k2.6 Chinese 100.0% 100.0% (1.69 +0.20, 1.77 +0.12) (2.57 +0.17, 1.87 + 0.09) 0.89 [0.40, 1.43]
kimi-k2.7-code Chinese 100.0% 100.0% (1.80+0.19, 1.70+0.14) (2.37 +0.23, 1.99+0.14) 0.64[0.11, 1.29]
minimax-m2.7 Chinese 100.0%  99.8% (1.85+0.12, 1.37 +0.06) (2.30 + 0.08, 1.24 + 0.07) 0.47 [0.18, 0.75]
minimax-m3 Chinese 100.0%  96.2% (1.08 +0.15, 1.42+0.13) (1.70+0.10, 1.60 + 0.10) 0.65 [0.36, 0.99]
qwen3.5:397b Chinese  99.4%  99.8% (1.71+0.10, 1.78+0.11) (2.43+0.10, 1.48 +0.09) 0.79[0.62, 1.01]
gemma4:31b Western  94.4%  99.2% (2.16 +0.09, 2.08 + 0.04) (2.73 +0.24, 1.49+0.13) 0.81[0.37, 1.36]
gpt-oss:20b Western  100.0%  99.8% (2.49 +0.09, 1.47 +0.10) (1.88 +0.10, 1.82 +0.10) 0.70 [0.48, 0.96]
gpt-oss:120b Western  98.0%  97.0% (2.86+0.10, 2.02 +0.05) (3.13 +0.08, 1.89 + 0.08) 0.30[0.13, 0.55]
mistral-large-3:675b Western  100.0% 100.0% (1.09 + 0.22, 2.09 + 0.07) (2.60 + 0.19, 2.03 + 0.09) 1.51[0.91, 2.04]
nemotron-3-nano:30b Western  99.8%  99.6% (1.93 +0.09, 1.65+0.09) (2.09 +0.12, 1.72+0.13) 0.18 [0.06, 0.50]
nemotron-3-super Western  100.0%  99.8% (1.78 +0.25, 1.65+0.08) (2.23 +0.11, 1.92+0.10) 0.53[0.11, 1.07]
nemotron-3-ultra Western  92.0%  82.4% (2.18 +0.20, 1.64 + 0.10) — (excluded) —_

Table 2: 2026 cohort: per-cell parse rates, cluster-bootstrap positions (+SD), and language displacements. Every num-
ber is generated from the committed pipeline artefacts (11m_parse_rates_2026.csv,11m_ellipses_2026.csv,
11lm_language_effects_plugin_2026.csv); |J,,] is the plug-in norm of the mean displacement (Appendix E),
with a percentile interval over the replicate-paired norms; the interval and point estimate thus come from different
estimators, and the folded interval can sit above its plug-in point.

(1-3), FO63 importance of God (1-10), F118 jus-
tifiability of homosexuality (1-10), F120 justifi-
ability of abortion (1-10), GO06 national pride
(1-4), Y002 post-materialist index (two ranked
goals from four), YO03 autonomy index (up to
five child qualities from eleven; official syntax
Y003 = (Q15 + Q17) — (08 + Q14) over men-
tioned/not-mentioned codings of religious faith,
obedience, independence, determination).

Prompt variants. The ten English system-
prompt variants instantiate an “average human” per-
sona with near-paraphrases (average/typical human
being/person/individual, world citizen).

2026 Chinese-arm corrections, disclosed. The
2024 Chinese F118 prompt labelled both scale poles
“always justifiable” (‘&[] BHHE 1 1 10 #R¥EHN

YA ); corrected to label 1 as never justifi-
able. Several 2024 Chinese system-prompt variants
collapsed to duplicates in translation; re-translated
to preserve ten distinct variants. Format instruc-
tions and the primer are fully translated so each arm
is monolingual (the 2024 Chinese runs mixed Chi-
nese questions with English format instructions).

Refusal taxonomy, with verbatims. Refusal
phrasing splits into two families. Al-identity boiler-
plate: “As an Al, I do not have personal opinions,
beliefs, or a human identity, and therefore I can-
not select a number on this scale” (gemma4 : 31b).
Premise rejection: “The premise—that homosex-
uality requires ‘justification’ on a scale—is one I
reject” (nemotron-3-ultra), which produces the
same family in Chinese (F& A48 473 78 — V7. 25 [F]



PR BEAEST 20 Bl A 39), and in one re-
fusal recommends consulting the World Values Sur-
vey itself instead of answering. The marker classi-
fier undercounts prose declinations, so all refusal-
classified counts in this paper are reported as floors.

Mitigations used and considered. The assistant
primer (used; effective but with uncontrolled ren-
dering, see Limitations); recording and reporting
refusals per item (done, 2026); re-asking (used,
bounded, and itself a selection pressure); logit-level
forced choice over the answer tokens (not available
through the serving API used); and persona soften-
ing or cultural prompting (rejected; it changes the
measurand).

C Rotation sensitivity, the 2026 sensitivity
battery, and scale ladders

Table 3 gives the full rotation criterion grid on the
fitted components (angles counter-clockwise):

Criterion Angle

Varimax on scores, Kaiser normalisation (used) —39.6°

Varimax on scores, no normalisation -3.8°
Varimax on whitened scores, Kaiser -39.1°
Varimax on loadings C, Kaiser -27.4°
Varimax on loadings C\/I, Kaiser -23.0°
Varimax on loadings C H , none -5.2°

Table 3: Rotation criterion sensitivity grid.

The two acknowledged deviations from Rohe and
Zeng (2023) are unwhitened rather than whitened
scores and ordinal rather than leptokurtic scores.
The used criterion and the whitened-score criterion
agree to 0.5°, well inside the estimator’s own 5.2°
across-seed span (Limitations), so the load-bearing
contrast in this grid is scores-versus-loadings, not
tenths of a degree; the loadings-side criteria pro-
duce a map visibly rotated from the published IW
layout. Kaiser row-normalisation is load-bearing:
the same scores without row-normalisation rotate
by only —3.8°. Because the rotation is applied to
unwhitened scores, cov(SR) = RT AR, which is di-
agonal only if A o I; with our eigenvalues and
this gives r = 0.37 between the plotted axes. The
rotation’s remaining sign and order ambiguity is
pinned deterministically by two anchor items with
unambiguous placement in the IW literature: F118
loads positive on self-expression, FO63 negative on
secular-rational.

2026 sensitivity battery. Inclusion threshold.
MIN_PER_QUESTION at 5/ 10/ 25 changes no in-

clusion decision: nemotron-3-ultra [zh] (4
parsed on F120) is excluded at every threshold and
every other cell passes every threshold. Ellipse
quantile. Empirical 95th-percentile Mahalanobis?
per cell spans 5.68—6.65 across the 33 2026 cells
against ){%'95’2 = 5.99 (2024 cohort: 5.62-6.18);
swapping the y? radius for the empirical quan-
tile changes no conclusion. Both are shape checks
on the replicate clouds; the coverage calibration
at ten clusters is in Appendix E. The two most-
refused items, neutralised. Setting F118 and F120
to the human item means moves cells 0.79-1.56
units toward the mean. Every cell keeps its secu-
lar side (PC2,), but four cells cross to within, or
past, the human mean on the self-expression axis
(deepseek-v4-pro both arms, minimax-m3 en,
and mistral-large-3:675b en, which lands at
PC1” = —0.06). The quadrant placement of the
most human-proximal cells therefore rests substan-
tially on the justifiability items, which are also the
most-refused items; this is exactly why refusals are
reported as data and the Manski bound accompa-
nies the headline. Leave-one-item-out confirms
F118 carries the most placement (mean 0.90 units
per cell; Y003 0.50; F120 0.33). Region-rule dis-
agreement. SVM and nearest-centroid agree on 25
of 33 cells; every disagreement involves an SVM
call into a sparse-country region from map territory
containing no countries.

Within-family contrasts and scale ladders.
Same-vendor cells cluster within 0.03—0.63 map
units per arm, except the deepseek version snap-
shot (flash:0731), 0.9-1.2 units from its own fam-
ily mean; version drift within one vendor exceeds
most between-vendor distances. The four same-
line sibling pairs span 0.13 (kimi-k2.7-code,
against its general-purpose sibling) to 1.69 map
units (flash:0731 [zh], 1.05 en), a range bracket-
ing every scale-step displacement measured; mean
language displacement per vendor spans 0.35 to
1.51. Scale ladders (gpt-oss 20b—120b; nemotron
nano-super—ultra; deepseek flash—pro) show no
monotone position trend, but the Western ladders
show two monotone behavioural trends: refusal
rises with scale (nemotron marker-classified re-
fusals 0 - 1 — 54 under Chinese adminis-
tration, 88 failed calls at the top rung) and so
does English-language reasoning about the Chi-
nese prompt (share of nemotron reasoning traces in
Chinese script: 1.00 - 0.37 — 0.18), while both
deepseek rungs reason in Chinese on every call. All



Inglehart-Welzel Cultural Map, reconstructed from the IVS (2005-2022)
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Figure 3: The Inglehart—Welzel cultural map recon-
structed from the IVS microdata by our pipeline. No
WVS-copyrighted figure is reproduced anywhere in this
paper; this map is computed from the microdata by our
own code, which doubles as a face-validity check: the
familiar regional clustering emerges from our fit.

descriptive at n < 3.

Reproducibility. The 2026 analysis was fixed in
a dated, append-only pre-specified analysis plan
(QC gate, then confirmatory, then diagnostics and
sensitivity) whose deviations ledger ships with
the release; “pre-specified” throughout this paper
refers to that document. Seeded EM with con-
vergence assertion; 20-seed refit budget; make
test (48+ unit tests on synthetic fixtures: PPCA
fit/transform round-trip, standardisation symme-
try, the single-stored-rotation contract, sentinel
recoding, rescale constants, orientation conven-
tion, WVS index transforms, parser validation,
bootstrap determinism) runs in CI with no sur-
vey data; make validate reproduces every pub-
lished number from the raw data locally. The repos-
itory ships download-and-merge instructions for
the IVS rather than the data, per the WVS/GESIS
data-use agreements. https://github.com/
Shavvimal/model_cultural_comp

D Pipeline validation and instrument
reconstruction

Figure 3 shows the reconstructed instrument itself.

What each check proves, and what it does not.
(1) Path identity (exact). All complete-case survey
rows are pushed through the public projection API,
the same function models go through, and com-
pared with the coordinates the fit assigned them
internally: maximum absolute discrepancy 0.0, at

machine precision, over 191,704 rows. This is a
regression test that the model path and the country
path are byte-identical, precisely the property the
2024 code lacked, in both its unstandardised projec-
tion and its re-fitted rotation. It is not, and we do not
claim it is, evidence that the map itself is right: both
paths could share a wrong rotation and this check
would still pass. Its value is that the class of de-
fect that produced the 2024 error can never silently
return. (2) Correction accounting. Nine of ten
models moved < 0.18 map units under the projec-
tion fix while 11ama3:70b moved 2.05; the Y003
recode moved country coordinates by mean 0.19
(max 0.65) and model coordinates by mean 0.47
(max 0.74) at per-axis correlations > 0.99 (recode
displacements as measured by the released audit
on its pre-rescaling fit). Per-axis affine regression
of the 2024 published coordinates on the corrected
ones: R? of 0.990 and 0.993 with slopes 1.36/1.31.
The 2024 map was 36% and 31% wider per axis
respectively, the intended effect of the unit-variance
rescaling (the fitted slopes sit slightly below the the-
oretical s = 1.45/1.35 because the Y003 recode
perturbs the regressor, an errors-in-variables atten-
uation; r > 0.99 per axis). This is an internal con-
sistency check on the size of our own correction,
not external validation: no regression against the
published WVS country coordinates is performed.
The corrected map is the same map, moved by ex-
actly the corrections we made and nothing else.
(3) Interpretability. The rotated loadings recover
the published item structure (the justifiability items
and the autonomy index load positive on the self-
expression and secular directions; God, pride and
authority mark the traditional pole, FO63 loading
negative on the secular axis while the reverse-keyed
G006 and E018, with 1 = proudest and 1 = greatest
respect, load positive), including Y003, which the
sentinel bug had silenced.

The Y003 sentinel, in detail. The sentinel is
structural rather than sporadic: 15 countries carry
it in 100% of rows and 65 in none. Recoding and
refitting restores Y003 to a substantive loading of
(0.19,0.24) and to its expected correlational pro-
file (r = —0.39 with importance of God). The
explained-variance gain (38.4% — 41.7%) is quoted
with each figure on its own EM-completed de-
nominator, each internally consistent but not a
fixed-denominator comparison. After recoding,
EM imputes Y003 for entire countries from the
other nine items: legitimate under missingness-
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by-design, but model-based extrapolation for those
countries, which the repository lists.

Monte Carlo budget and structural assertions.
A 20-seed refit harness bounds Monte Carlo noise
from the EM initialisation: rotation span 5.2°; coun-
try coordinates mean SD 0.02, worst-case range
0.26 map units, the same order as some displace-
ments we report, hence its inclusion in the uncer-
tainty budget. The merge and EM stages assert
their invariants (row-count preservation, conver-
gence) and raise rather than degrading silently. The
PPCA implementation is derived from pca-magic
(Tran, n.d.), seeded, capped (EM raises rather than
silently returning an unconverged fit), and unit-
tested against synthetic low-rank ground truth.

E Uncertainty estimators: derivations
and diagnostics

Why the pairing does not move the mean but
does move the variance. Writing a model’s posi-
tion as an affine functional of its ten per-item means,

10
p=wo+ ) Wik,
=

the point estimate is invariant to how individ-
ual responses are paired into pseudo-respondents.
Covariance, however, is bilinear, and iterating
Cov[aX +b,cY +d] = acCov[X, Y] and Cov[X +
Y,Z] = Cov[X, Z]+Cov[Y,Z] over the affine map
gives

10
Var(p) = Z w]Z Var(x;) + 22 WiWy COV()Zj, %) -
Jj=1 J<k

The affineness argument says nothing about the sec-
ond sum. All ten items were elicited under the
same ten system-prompt variants, so the cross-item
covariances are not zero, and a bootstrap that re-
samples items independently forces them to zero.
The independence assumption does not make the
true cross-item covariances zero; it only removes
them from the variance estimate.

The language-displacement estimator. The
within-model contrast is summarised as &,,, the
difference of the two arm mean positions, and its
magnitude as the plug-in norm [|§,,]|. The pairing
of replicate i in one arm with replicate i in the other
is arbitrary (the arms’ bootstrap draws are indepen-
dent) and the plug-in point estimate is invariant to
it; the mean of per-replicate norms, by contrast, is

a folded statistic, upward-biased wherever the true
displacement is small against sampling noise, and
is carried in the released artefacts as the alternative.
Confidence intervals for |8,,|| are percentile inter-
vals of the per-replicate norms; intervals on a norm
fold at zero and cannot exclude it.

Intraclass correlations and design effects. On
the completed 2026 corpus, per-item intraclass
correlations by prompt variant reach 1.00 (de-
generately, under deterministic decoding; median
0.10; 51 of 340 cell-item pairs exceed 0.5; for
gemma4 :31b’s Chinese-administered FO63, every
repeat within a variant is identical while variants
disagree, the prompt-variance-dominant regime in
its purest form). With five repeats per variant, the
top intraclass correlations imply design effects up
to 5.0: in those cells a cell-item mean’s fifty calls
carry the information of roughly ten independent
draws, one per prompt variant (at the median ICC
of 0.10 the design effect is 1.4). The keying-balance
diagnostic cited in §5 also lives here: net deviation
from scale midpoints is 0.02—0.09 per cohort x arm
group mean, with per-cell values spanning up to
0.19 (diag_2026_keying_balance.csv).

Determinism drives the estimator gap. The
cells with the smallest item-bootstrap SDs are pre-
cisely the most deterministic ones (Spearman p =
0.65 between mean per-item response entropy and
item-bootstrap SD, p < 10™# treating the 33 cells
as independent; at model level, n = 17, the asso-
ciation holds at p = 0.005; a single pre-specified
test), while the cluster SD is essentially unrelated to
determinism. Under near-deterministic decoding,
token-sampling variance stops measuring anything
a reader cares about, and the prompt-variant boot-
strap must carry the uncertainty budget.

Simultaneity and coverage. A cluster-bootstrap
replicate position is a convex combination of the
ten prompt-variant means, and the quadrant is an
intersection of half-planes, hence convex, so “all
10,000 replicates in the quadrant” holds exactly
when all ten variant means do, and the 330,000-
replicate statement is equivalent to 330 variant
means plus a margin (every cell mean >4.8 cluster
SDs inside the boundary). As a confidence state-
ment it is union-bounded: each cell’s one-sided
bootstrap tail is below 1/B, and over 33 indepen-
dently bootstrapped cells the joint tail is at most
0.01. The plotted region is the normal-theory set
€095 = (P : d*(p) < 1§52}, Where d? is the



Component PC1’SD share PC2" SD share
Model 0.43 17.8% 0.31 18.4%
Language within model 0.44 18.9% 022 9.1%
Variant within cell 0.57 30.9% 0.41 31.0%
Repeat within variant 0.58 32.4% 0.47 41.5%

Table 4: Nested variance components in map units (per-
level mean squares; the language term pools the language
main effect with the model x language interaction). On
PC1’ the mean-square shares are comparable (18.9% vs
17.8%), and the orthogonal partition puts model iden-
tity ahead (21.0% vs 11.8%); on PC2" model identity
dominates under either convention (18.4% vs 9.1%; or-
thogonal 20.9% vs 5.5%).

SVM cultural-region decision boundaries with LLM positions
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Figure 4: SVM decision regions, shown as illustration
of why region labels are weak evidence off the country
manifold: the model cluster sits in extrapolated territory.
Region claims in the text use the classifier-free statistics
instead.

Mahalanobis distance from the replicate mean p
under the replicate covariance . Its radius treats
the replicate covariance as known; a simulation
calibrated to the K = 10 design puts the region’s
true coverage near 85%, against the conservative
Hotelling radius 2X=1F, 95(2, K -2) = 10.03. We
keep the conventional radius and report the calibra-
tion.

Region classifier implementation. The RBF-
SVM is fitted to the 109 country coordinates across
eight regions with a grid search that includes the
regularised regime, under stratified 5-fold cross-
validation; Figure 4 shows its decision regions, and
Figure 5 both cohorts on the one frozen instrument.

F Extended 2026 results

Geometry in detail. Nearest neighbours across
the cohort are Japan most often, then Germany,

2024 and 2026 cohorts on the one frozen instrument (descriptive; see caption for confounds)
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Figure 5: Both cohorts on the one frozen instrument,
descriptive only. The cohorts share no models and dif-
fer simultaneously in serving precision (Q4-quantised
local vs. undisclosed cloud), model scale (7B-70B
vs. 20B-675B), retry intensity (up to 15 vs. 3 at-
tempts), elicitation-language coverage, and survivor-
ship (five 2024 Chinese-origin models produced noth-
ing parseable); markers additionally differ by estimator
(2024: item-bootstrap CIs, which typically understate
cluster-bootstrap uncertainty; 2026: cluster bootstrap).
No pooled statistic is computed from this figure.

the Netherlands, the Nordics, Australia and New
Zealand. Thirteen of seventeen English cells and
seven of sixteen Chinese cells lie inside the convex
hull of the 109 countries (2024: five of eleven), but
shallowly, hugging the hull’s Sweden—Japan rim.
Every 2026 cell in both arms sits in the top quartile
of both axes simultaneously; four English and eight
Chinese cells are more secular than Japan, the most
secular country, while not one of the 33 cells (nor
any 2024 cell) exceeds Sweden on self-expression.
Twelve of seventeen English cells (eleven of sixteen
Chinese) sit nearer another model than any of the
109 countries, and five (six) of those nearest model-
neighbours belong to the other origin cohort. Three
English cells sit closer to a real country than the
median country sits to its own nearest neighbour
(minimax-m2.7 is 0.06 from Germany); the Chi-
nese arm floats farther out, with five cells lonelier
than the most isolated country on the map (Moldova,
0.68 from its nearest neighbour). The Chinese arm
sits further into the corner than the English arm on
both axes (median secular percentile 99.5 vs 98.2).

Two null mechanism probes. A model’s lan-
guage displacement is predicted neither by the share
of its Chinese-arm reasoning conducted in Chinese
(Ipl £ 0.12) nor by its refusal-rate change between



Language-of-administration effect per model (zh — en, replicate-paired 95% CI)
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Figure 6: §,, per model (zh — en, replicate-paired 95% ClIs). The self-expression component is positive almost
everywhere; the secular component is heterogeneous; the largest displacement belongs to a Western model.

arms (exploratory, m = 6, all BH-null). The dis-
placement survives even where Chinese-arm de-
liberation collapses to bare instruction-restatement:
deepseek’s newest checkpoints think in ~40-80 me-
dian characters under Chinese against ~470-830 in
English, yet shift as far as any sibling.

Per-item refusal swings. On the abortion item
alone, gemma4:31b’s refusals collapse 22 — 1
under Chinese administration while nemotron-3-
ultra’s rise 19 — 33 until its Chinese cell is
voided.

Refusal reallocation: per-model swings, ra-
tio bracketing, bound scope. gemma4:31b col-
lapses from 27 refusals to 1 under Chinese admin-
istration; nemotron-3-ultra rises from 34 to 54
(of 40 — 88 total failures, enough to void its Chi-
nese cell); minimax-m3 refuses only in Chinese
(0 - 16). The gross-to-net ratio of ~4.5x (§4.2)
is scale-bound: under the nemotron floor—ceiling
range below it falls to ~2.1x, and a random-sign

null on the same per-model magnitudes already
gives ~2.4x, so the direction-cancelling is real but
these two models carry most of it (refusal-count
floors: Appendix A). The Manski bound’s scope:
19 of 34 cells have zero failed calls, so it binds only
where refusal occurred, and it reallocates terminal
failures only; the re-ask protocol’s rejected drafts
are unrecorded (Limitations).

G Extended related work and discussion

The broader elicitation toolkit. Scenario-based
probing and steering (Dang et al., 2026) with latent
activation steering (Dang and Masud, 2026) (one re-
search programme), culturally grounded personas
(Greco et al., 2026), word-association tests (Dai
et al., 2025), and multi-agent cultural debate (Tan
et al., 2026) form a growing toolkit for eliciting and
shifting cultural behaviour, several of them working
directly on the IW axes. Against that toolkit our
contribution is deliberately narrow and instrument-
first: a decades-validated survey instrument, ad-



ministered under a controlled protocol, with the
measurement pipeline itself audited, validated and
released.

Linguistic relativity. The Sapir—Whorf tradition
(Au, 1983) motivates the possibility that language
alone shapes elicited values. Our language-of-
administration finding is consistent with a weak
form of that claim, though the design cannot sep-
arate what the prompt language activates in the
model from what the training data associated with
that language contains; per Au’s critique of the
strong form, we treat the mechanism as an open
question, not a conclusion.

Trace-coding protocol and verbatims. 900
traces were sampled stratified across the 30 trace-
emitting cells and coded by a single LLM-based an-
notator for (a) explicit modal-response targeting, (b)
explicit persona reasoning, (c) guideline or safety
citation, and (d) language of reasoning. Cell-level
code counts and verbatims are released with the
corpus (data/trace_coding. json); the coding
is qualitative and labelled as such. One represen-
tative trace names the instrument outright: “the
World Values Survey uses this exact question. The
average in many Western countries is around 8-10.
Let’s pick 8.” The mechanism behind the midpoint
result is that the world’s respondents are far from
the scale midpoints on the traditional-pole items
(fitted means: importance of God 7.2/10, national
pride 1.6 on a 1-4 scale where 1 is proudest, respect
for authority 1.5 on 1-3). Determinism tracks re-
sponse extremity rather than modality (p = —0.65
with midpoint distance, raw p < 10~4, labelled
post hoc): the most deterministic cells are the most
extreme responders, not the most moderate.

Post-training provenance: the full argument and
its cautions. The literature shows post-training is
the controllable channel that selects a model’s ex-
pressed opinions: base and human-feedback-tuned
models sit on opposite US demographic profiles
(Santurkar et al., 2023); the alignment stage mea-
surably pulls models toward US opinions, with
one widely used reward model ranking the United
States above 99.4% of countries (Ryan et al., 2024);
modest fine-tuning suffices to steer political po-
sition, plausibly “an unintentional byproduct of
annotators’ instructions”, a design choice made
by default (Rozado, 2024); and fine-tuning re-
vises encoded cultural values in ways that bleed
across languages (Choenni et al., 2024). The in-

puts to that channel are documented decisions by
small groups: InstructGPT’s preferences were op-
erationalised by roughly forty screened contrac-
tors (Ouyang et al., 2022); a constitution’s prin-
ciples are, in its authors’ own words, “our own
choices as designers”, and swapping it for one writ-
ten by 1,002 members of the public measurably
changes the trained model’s bias profile (Huang
et al., 2024). Propagation of post-training artefacts
between labs through the synthetic-data ecology is
author-acknowledged since the first GPT-derived
instruction sets, openly practised within model fam-
ilies (DeepSeek-Al, 2025), and measurable: two
different bases trained on one teacher’s synthetic
data become nearly indistinguishable to a finger-
print classifier (Sun et al., 2025), models passively
inherit a generator’s biases and preferences from
its data (Shimabucoro et al., 2024), and style is
the cheapest thing to transfer (Gudibande et al.,
2023). If that propagation touches value-setting
choices too, the effective number of independent
value-setting decisions behind a “17-model” cohort
may be far smaller than seventeen, which would
predict precisely the origin-independence, vendor
signatures, and cross-lab output homogenisation
(Jiang et al., 2025) we and others observe.

Two cautions bound the claim. First, whether spe-
cific Chinese labs distilled specific Western frontier
models is an unadjudicated allegation by commer-
cially and politically interested parties, denied by
the labs and by Beijing: the documented facts stop
at self-identification incidents and an acknowledge-
ment that web corpora inevitably contain model-
generated text.! Our origin-null is equally consis-
tent with a domestic shared-recipe ecology, which
the one origin signal we do find (Chinese-origin
models are more alike each other, exact permuta-
tion p = 0.006, our only test of this family) fits
just as well. Second, post-training is not the sole
origin of the default: aligned behaviour is sub-
stantially selected from the base distribution rather
than implanted (Lake et al., 2025), base models
carry value priors (Santurkar et al., 2023), and cre-

!Allegations: Financial Times and Bloomberg reporting,
28-29 January 2025 (OpenAl: “some evidence” of distilla-
tion; Microsoft probe); OpenAl memo to the US House Se-
lect Committee, February 2026 (Reuters); Anthropic disclo-
sure of “industrial-scale distillation attacks”, February 2026
(CNBCQ). Denials: DeepSeek (Nature supplementary materi-
als, 2025); China MOFCOM statement, 28 July 2026, with
counter-allegations against US firms. Self-identification inci-
dent: TechCrunch, 27 December 2024. None of the cross-lab
allegations has been adjudicated; we cite them as allegations
only.



ator ideology remains detectable on person-level
moral assessments by an instrument unlike ours
(Buyl et al., 2026). The composed question (does
a student model inherit its teacher’s values distri-
bution, as measured on a survey instrument?) has,
to our knowledge, never been tested directly; our
released harness makes that experiment cheap, and
the version-churn result (§4.2) suggests where to
look.

Interpretability: what it would add, and its
documented limits. Sparse-dictionary decompo-
sitions of production-scale models recover inter-
pretable features in bulk: one decomposition scales
to 34 million features and reports features for bias,
deception and sycophancy among them, several of
which change the model’s behaviour when clamped
(Templeton et al., 2024). The cross-layer successor,
attribution graphs, traces which of those features
a model actually uses on a given prompt (Lindsey
et al., 2025; Ameisen et al., 2025). Value-laden
behaviour is beginning to yield the same treatment:
culture-general and culture-specific neurons com-
prising under 1% of a model’s units, whose ab-
lation costs up to 30% on cultural benchmarks
while general language understanding is largely
unaffected (Yamamoto et al., 2026); intrinsic and
prompt-induced value expression running through
partly shared, partly distinct components that gen-
eralise across languages (Han et al., 2026); cultural
steering vectors constructed from sparse features
rather than from prompts (Khanuja et al., 2026);
and a cultural-customisation direction conserved
across non-English languages, which surfaces lo-
calised knowledge a model already holds but does
not volunteer (Veselovsky et al., 2026). None of
this makes a measured default less real; it makes it
addressable, and the automated pipelines already
built for extracting and monitoring trait directions
(Chen et al., 2025) are a plausible template for con-
tinuous auditing of a cultural default.

The limits are documented and not tuning arte-
facts. The closest work to ours reports latent en-
tanglement: intervening on one cultural dimension
drags others with it, because the dimensions are
encoded as coupled structures (Dang and Masud,
2026); and in a controlled head-to-head, sparse-
autoencoder steering is outperformed by plain
prompting and by finetuning (Wu et al., 2025). Fea-
ture absorption causes a parent feature to stop firing
silently because a more specific child has absorbed
it, and varying dictionary size or sparsity does not

fix it (Chanin et al., 2025); about half the recon-
struction error, and over 90% of its norm, is lin-
early predictable from the input activation: dense
structure the sparse basis cannot represent (Engels
et al., 2025). The field’s own twenty-nine-author
stocktake describes mechanistic interpretability as
promising assurance over model behaviour rather
than yet providing it (Sharkey et al., 2025). The de-
fensible position is therefore narrow: interpretabil-
ity is a route towards auditing and adjusting cultural
defaults below the prompt, not a means of certifying
them.

Stability of value expression: independent sup-
port. Models are relatively consistent on value-
laden questions across paraphrase, format and trans-
lation, with base models more consistent than fine-
tuned ones (Moore et al., 2024); value expression
without persona conditioning exceeds human rank-
order stability benchmarks (Kovac et al., 2024); and
careful symmetrisation shows frontier models car-
rying large order-and-wording artefacts on rop of
a near-invariant underlying moral stance (Huang,
2026): surface bias without position shift, which
is exactly the structure our variance decomposition
measures.



	Introduction
	Related Work
	Method
	Instrument and survey data
	The projection pipeline
	Administering the survey to models
	Uncertainty
	Refusals, and the selection they induce

	Results
	The corrected 2024 cohort
	The 2026 frontier generation, both arms

	Discussion
	Models
	The ten IVS items, the elicitation protocol, and refusal taxonomy
	Rotation sensitivity, the 2026 sensitivity battery, and scale ladders
	Pipeline validation and instrument reconstruction
	Uncertainty estimators: derivations and diagnostics
	Extended 2026 results
	Extended related work and discussion

