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Abstract

Political audits of large language models (LLMs) usually re-
duce each to one point on a political compass. But that resting
point barely matters in deployment: a model must land some-
where, and what counts is how far, and in which directions, its
answers can be steered. That steering runs through the system
prompt: the personalization layer a platform sets, or one in-
duced from a user’s history, not necessarily written by hand.
We run a dispersion-first stress test of prompt-based control-
lability across 12 ideological personas plus an unsteered base-
line, 70 Political Compass items, ten replicates, and seven
leading LLMs: GPT-5, Claude, Grok, Gemini, DeepSeek,
Kimi, and Qwen (63,700 responses). Contextual framing ex-
plains roughly 88%-93% of variance on the economic and
society axes, model identity under 3%: responses are highly
instruction-adjustable. Models do not shift alike: some move
more, and some saturate under extreme framings. Conflict-
ing directional-steering results in prior audits resolve once
baselines are recognized as non-centered: displacement and
proximity diverge, so the effect is geometric, not differen-
tial compliance. Under authoritarian prompts, models pro-
duce similar shifts on the same questions. Political-coordinate
audits therefore need steerability audits reporting dispersion,
symmetry, saturation, and refusal floors. We release prompts,
benchmark data, and code.

Introduction

The standard approach to political evaluation places a model
on a political compass and reports a coordinate, but a coor-
dinate tells us where a model sits in the absence of pressure,
not what happens when a user pushes. Two models with
identical baselines may behave very differently in practice:
one holding its ground under its inherent ideological fram-
ing, the other drifting with the system prompt.

A substantial body of work has established the baselines.
Static audits consistently find that most LLMs cluster in
the left-libertarian quadrant (Rozado 2023, 2024; Hartmann,
Schwenzow, and Witte 2023; Peng et al. 2026; Sakhawat
et al. 2026). But methodological critiques have shown that
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these position estimates are surprisingly fragile: prompt
wording, answer format, and paraphrase variation can mate-
rially alter inferred coordinates (Rottger et al. 2024a; Ceron
et al. 2024). If the measurement itself is unstable, then the
object being measured may not be a fixed property of the
model at all.

Persona-based studies report that models shift ideo-
logically under conditioning, with larger models show-
ing broader coverage and asymmetric responsiveness
(Bernardelle et al. 2025b,a). Aldahoul et al. observe that ap-
parently moderate aggregate positions can mask offsetting
extremes on specific topics, framing this as “ideological in-
consistency” (Aldahoul et al. 2025). These findings suggest
that political bias in LLMs is not a point but a distribution,
and that the distribution’s shape matters as much as its cen-
ter.

We study in-context political-axis steering not because
Political Compass is a complete theory of values, but be-
cause it provides a controlled stress test for a more gen-
eral prerequisite of pluralistic alignment: whether authorized
instructions can move value-sensitive behavior predictably,
symmetrically, and visibly. Controllability and value align-
ment are themselves subject to known theoretical limits (Br-
cic and Yampolskiy 2023); our contribution is to character-
ize them behaviorally for deployed LLMs. We define ideo-
logical dispersion as the average displacement of a model’s
political outputs from its baseline under systematic thematic
framing, and we treat it as the primary evaluation metric
rather than a secondary observation. That connects to the
emerging literature on steerable pluralism (Sorensen et al.
2024; Kirk et al. 2024) and to persuasion-risk evidence
showing that even brief interaction with opinionated Al can
shift user attitudes (Jakesch et al. 2023; Hackenburg and
Margetts 2024; Hackenburg et al. 2025; Potter et al. 2024).

Contributions. (i) Conceptual. Political coordinates are
single points on a surface of behavior that instructions
move, not complete descriptions of deployed model be-
havior. (ii) Empirical. Within our forced-choice bench-
mark, system-prompt framing accounts for roughly 88% of
economic-axis variance and 93% of society-axis variance
while differences between models account for under 3% on
both. (iii) Diagnostic. Controllability is non-uniform across
dispersion, directional symmetry, saturation, refusal floors,
and metric sensitivity; we name metric non-equivalence un-



der non-centered baselines as a concrete audit artifact (dis-
placement vs. proximity can rank directions differently).
(iv) Comparative. Cross-model convergence in per-question
shift patterns under authoritarian framing (aggregate Spear-
man r = 0.79, permutation p < 0.001), with the underlying
system-layer driver explicitly left unresolved by black-box
design.

Instruction-following alone predicts only that a role-
conditioned model will move, not how far, whether the
movement is symmetric, whether it saturates or reverses un-
der pressure, or whether independently trained models con-
verge on the same item-level pattern; those are the quantities
we measure. Our design targets role-based, agentic deploy-
ments (Tseng et al. 2024; Hu et al. 2024) instead of open
dialogue, and does not assume the user writes the system
prompt by hand: a profile can be induced from prior ses-
sions and refined by automatic prompt optimization (Yuk-
sekgonul et al. 2025; Khattab et al. 2024; Zhang et al. 2024).
We characterize that starting point and the distance a system
can travel from it, deferring the boundary against dialogue-
emergent controllability to § Limitations.

Related Work
Static Position Audits and Their Limits

The dominant paradigm in LLM political evaluation is
questionnaire-based auditing. Rozado’s foundational work
administered 15 political orientation tests to ChatGPT, find-
ing left-leaning preferences in 14 of 15 (Rozado 2023),
and later extended this to 24 conversational LLMs, most of
which are diagnosed as left-of-center on both the economic
and the social axis (Rozado 2024). Hartmann et al. used
630 political statements from voting advice applications
and found a consistent pro-environmental, left-libertarian
orientation (Hartmann, Schwenzow, and Witte 2023). The
largest cross-model comparison to date covers 43 models
from 19 families on position alone (Peng et al. 2026), while
Sakhawat et al. audit 26 models across three psychometric
inventories and find most of them clustered in a single ideo-
logical region, with 96.3% of placements in the Libertarian-
Left quadrant (Sakhawat et al. 2026). Their variance decom-
position holds the persona fixed and varies instrument word-
ing, where model identity dominates (p?> > 0.90). Ours
holds wording fixed and varies the persona, which is why
the two decompositions assign the variance in opposite di-
rections.

These studies establish important baselines, but they treat
political orientation as a point estimate that is surprisingly
fragile: format variation and paraphrase can materially alter
inferred coordinates (Rottger et al. 2024a), and large models
show inconsistency across topics when responses are sam-
pled repeatedly (Ceron et al. 2024). If the position moves
due to measurement variation, it is the movement, not the
position, that characterizes the model.

Steerability, Dispersion, and Distributional
Opinion Work

Santurkar et al. show that RLHF-tuned models dispropor-
tionately align with liberal, high-income, well-educated de-
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mographics and, critically, that demographic steering is sur-
prisingly ineffective at correcting this misalignment (San-
turkar et al. 2023). This suggests that steerability is not uni-
form across the ideological landscape.

Persona-based studies directly observe ideological shifts.
Bernardelle et al. test seven models with synthetic persona
biographies and find that larger models show broader ide-
ological coverage, that susceptibility to ideological cues
grows with scale, and that responsiveness is asymmetric,
stronger toward right-authoritarian than left-libertarian po-
sitions (Bernardelle et al. 2025b,a). Aldahoul et al. frame re-
lated findings as “ideological inconsistency,” demonstrating
that LLMs have lower variance than voters but higher vari-
ance than legislators (Aldahoul et al. 2025). Batzner et al.
have six commercial LLMs role-play the personas of Ger-
man parliamentary group leaders against 418 voting-advice-
application statements, and argue that the resulting shift to-
ward the prompted party’s position reflects persona-based
steerability rather than the increasingly popular, yet con-
tested, concept of sycophancy (Batzner et al. 2025).

Formal steerability benchmarks complement this empir-
ical work. The NAACL 2025 steerability benchmark de-
fines steering as a distribution shift relative to the base-
line and proposes steerability indices (Miehling et al. 2025).
Li et al. improve steerability using collaborative filtering
to embed opinions into continuous vector spaces (Li et al.
2024). Chang et al. reveal that recent LLMs are less steer-
able than they appear, attributing this to “side effects™:
correlations between requested and unrequested behavioral
changes (Chang et al. 2025); our compass-only audit cannot
detect non-compass-axis side effects and we flag this as a
scope constraint (§ Limitations).

Closest to our study, Bernardelle et al. examine persona-
induced shifts on Political-Compass-style instruments using
synthetic persona biographies on open models (Bernardelle
et al. 2025b,a), and Batzner et al. measure persona-role-
play-induced shifts toward prompted-party positions on six
commercial LLMs against a German, party-referenced in-
strument (Wahl-o-Mat) (Batzner et al. 2025). Our con-
tribution differs in four respects. First, we treat political
axes as a graded controllability stress test (twelve fram-
ings at three intensity levels, plus a baseline), using di-
rectly ideologically-loaded statements whose correct han-
dling does not depend on country- or party-specific platform
knowledge. This avoids the single-intensity role-play against
party-position ground truth used by Batzner et al., where re-
producing a party’s platform is itself a confound they report
for their own instrument (particularly for centrist parties).
Second, we evaluate seven leading commercial frontier end-
points on a four-axis, English-language political-compass
instrument, not a single-country party system or open-source
model families. Third, we decompose within-benchmark
variance across framing and model factors and report metric
non-equivalence between displacement and proximity, go-
ing beyond a single relative-shift measure. Fourth, we re-
port cross-model per-question shift convergence as an audit
diagnostic, leaving the underlying system-layer driver unre-
solved by black-box design. Two further studies frame our
closest neighbours. Smith-Vaniz et al. probe political and



demographic leanings through Moral Foundations Theory,
comparing inherent, explicitly-prompted, and demographic-
persona conditions against human MFT survey data (Smith-
Vaniz et al. 2025). Like us, they use persona role-play to
elicit political leaning. Unlike us, they benchmark ideo-
logical accuracy against that human data; we decompose
framing-versus-model variance and characterize the con-
trollability profile (dispersion, symmetry, saturation once
stronger framing stops adding movement, and the refusal
rate framing cannot push below) rather than positional cor-
rectness.

Mechanisms, Governance, and Deployment
Context

Understanding why models differ in dispersion requires en-
gaging with both mechanistic and policy-level work. On the
mechanistic side, high dispersion is linked to sycophancy,
the tendency of models to mirror stated user views regard-
less of content (Sharma et al. 2024; Perez et al. 2023).
Low dispersion, conversely, may reflect over-refusal or rigid
safety regimes that avoid engagement with politically sen-
sitive topics (Cui et al. 2025; Rottger et al. 2024b). Inter-
pretability work suggests a deeper structural basis. Kim et
al. demonstrate that political ideology is encoded as linear
representations in activation space, functioning like a tun-
able dial (Kim, Evans, and Schein 2025). Cintas et al. lo-
calize it further: persona representations for conservatism
and liberalism occupy more distinct regions of activation
space than competing ethical-framework personas, and con-
centrate in the final third of decoder layers (Cintas et al.
2025). Kabir introduces “ideological depth,” showing that
some models possess far richer political feature represen-
tations than others, and that refusals often stem from ca-
pability gaps, not safety rules (Kabir 2025). For Chinese-
origin models, geopolitical censorship patterns, documented
on questions of Taiwanese sovereignty, may also contribute
to low-dispersion profiles through hard content filtering, not
alignment training (Ko 2026).

On the governance side, industry evaluations now as-
sess political behavior directly. OpenAl’s five-axis frame-
work measures political refusals, asymmetric coverage, and
emotional escalation (OpenAl 2025). Anthropic’s even-
handedness evaluation compares paired-prompt responses
across multiple frontier models, including several in our
study (Anthropic 2025). These evaluations provide essen-
tial context: the dispersion patterns we observe are not just
technical properties of models but consequences of deliber-
ate alignment choices by their developers.

Methodology
Experimental Design

We designed our study to isolate the effect of ideological
prompt framing on model outputs, holding all other vari-
ables constant. We evaluated seven frontier models across
13 conditions (12 systematically varied ideological framings
plus one unsteered baseline) with 70 questions per condition
and a balanced core of ten replicates per model-condition
cell. This yields 7 x 13 x 70 x 10 = 63,700 question-level
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responses. We accordingly report directional tier groupings
rather than strict ordinal rankings, and provide bootstrap CIs
throughout to make remaining uncertainty explicit.

Question Instrument

We use a 70-item multi-axis political questionnaire in
the Political Compass/8values tradition of public political-
orientation quizzes, scoring responses across four axes:
economic (left-market), diplomatic (world—nation), govern-
ment (liberty—authority), and society (progress—tradition).
We acknowledge the well-documented sensitivity of Po-
litical Compass—style instruments to format and phrasing
(Rottger et al. 2024a); our dispersion metrics are relative
within-instrument comparisons and do not depend on the
absolute accuracy of any single position coordinate. Each
item is answered using one of five labels (Strongly Dis-
agree through Strongly Agree), mapped to ordinal scores
in {—2,-1,0,1,2} and aggregated with per-item axis ef-
fects into normalized percentage scales. The five-label scale
and the {—2,...,2} mapping are inherited from the instru-
ment, not introduced here, and match the scoring conven-
tion used by prior LLM political audits (Rozado 2024; Hart-
mann, Schwenzow, and Witte 2023). Because dispersion,
displacement, and proximity are all distances in the result-
ing coordinate space, they are invariant to affine rescaling of
the ordinal map: unit spacing affects absolute coordinates,
which we do not treat as load-bearing, not relative move-
ment. Our primary analysis focuses on the economic and so-
ciety axes because (econ, society) is the display plane used
by the static audits we compare against (Rozado 2023; Hart-
mann, Schwenzow, and Witte 2023), which keeps our base-
lines commensurable with theirs. It is also the conservative
choice: the government axis, which our 02A/0L framings tar-
get most directly, shows an even larger context effect (§ Re-
sults), so reporting society as primary understates rather than
inflates the headline result. Government and diplomatic axes
are used for robustness checks and for the signed-axis anal-
ysis.

Context Taxonomy
The 12 steering conditions vary along two dimen-

sions: an ideological axis and an intensity level
(Table 1). Context codes follow the convention
[econ] [social]l_[intensity], where the eco-

nomic position is L (left), R (right), or 0 (neutral); the social
position is A (authoritarian), L (libertarian), or O (neutral);
and intensity runs from _1 (moderate) through _3 (radi-
cal/hardline). Thus 0A_3 denotes a socially authoritarian
persona at maximum intensity with no economic tilt, while
LO_3 denotes a radical economic-left persona with no social
axis bias.

Steerability is operationalised through system-prompt per-
sona injection. Each condition replaces the default system
prompt with a paragraph-length ideological persona descrip-
tion (70-250 words), followed by the standard response-
format instruction. The persona is written in second person
(“You believe...”; “You hold that...”) to prime the model
to respond as that persona rather than about it. For exam-
ple, the 0A_3 condition (The Hardline Social Authoritarian)



Code Axis Intensity

LO_1..3 Economic left Moderate — radical
RO_1..3 Economic right Moderate — hardline
0L_1..3 Social libertarian = Moderate — radical
O0A_1..3 Social authoritarian Moderate — hardline
None Baseline No framing

Table 1: Context taxonomy for ideological prompt framing.

opens: “Essence: Order sanctified, control as salvation. Sees
human nature as dangerous, sinful, and weak...” The LO_3
condition (The Revolutionary Economic Leftist) frames all
wealth as structural theft and collective ownership as the
only moral basis for production. Intensity levels modulate
the rhetorical register: _1 framings use hedged, moderate
language; _3 framings use maximalist, ideologically com-
mitted language. Across ideological directions the personas
share a common template, length band, and second-person
register, differing only in ideological content, so that direc-
tion and intensity, not surface style, drive the contrasts; a
length-matched neutral control (§ Limitations) confirms that
prompt length is not the driver. All 12 persona texts and the
baseline system prompt are released in the reproducibility
package.

Models and Inference Settings

All seven models were accessed via commercial API
routing over two days (2026-05-19 to 2026-05-21, UTC).
Inference settings were held constant: temperature = 0.7,
forced single-label output. Temperature 0.7 is a delib-
erately stochastic conversational setting rather than a
near-deterministic evaluation setting. Testing at 7' = 0.7
is therefore the harder test for robustness: a steerabil-
ity effect that survives sampling noise is more credible
than one that only appears at 7' ~ (. A temperature
ablation at 7' = 0.1 is reported in § Limitations. Model
API identifiers are: openrouter/openai/gpt-5,
openrouter/anthropic/claude-sonnet-4.5,
openrouter/google/gemini-2.5-flash-lite,
openrouter/x—ai/grok-4.3,
openrouter/deepseek/deepseek-chat-v3.1,
openrouter/moonshotai/kimi-k2-0905, and
openrouter/gwen/qwen3.6-max—-preview.

Metrics

We define three families of metrics. Let pip,c, =
(econ, scty) be the 2D centroid for model m, context ¢, and
run r.

Dispersion from baseline. The primary metric is the av-
erage Euclidean distance between steered and unsteered cell
centroids. Let fi,, . = ﬁ ZTE R Hm,c,r be the cell centroid

for model m in context c averaged across replicates. Then

1 _ _
Z ”:U’m,c - Mm,None”Z»

D = —-
|C | ceC*

where C* excludes the baseline condition; a higher D,,
means the model moves more under ideological framing.
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Asymmetry decomposition. To avoid misleading direc-
tional claims, we use two complementary measures for each
steered condition: displacement (how far the model moved
from its baseline, d = || tim,c.r — tm None,r ||2) and proximity
(how close it ended up to the relevant display-plane extreme;
lower = closer to target). For the Figure 2 projection, the
targets follow the scoring convention: L.O_3 — econ = 100,
RO_3 — econ=0, 0L_3 — scty =100, 0A_3 — scty=0.
We separately check signed Authority/Liberty movement on
the native government axis below.

Multiple-comparison awareness. The paper separates
inferential checks (one tier Mann—Whitney contrast, four
cross-model permutation tests, and three DeepSeek-only ab-
lation checks) from descriptive diagnostics such as satura-
tion counts and the per-intensity convergence-ladder 7 val-
ues. Large effects (n°> ~ 0.88-0.93 on the primary axes,
¥ =~ 0.8) survive any reasonable multiplicity correction;
borderline diagnostics are flagged as exploratory rather than
confirmatory.

Missing-data policy. Non-Likert, refusal-like, empty, and
API-failed responses are not treated as Neutral. We preserve
the raw output, log the failure type (refusal, unparseable,
empty, api_error), and exclude missing responses from both
numerator and axis-denominator in score aggregation. A
single pre-specified repair retry using the identical elicita-
tion prompt as the original call is applied as a supplementary
analysis; persistent failures remain missing. Repair counts
and the resulting bound on headline aggregates are reported
in § Limitations.

Results

What You Prompt Matters More Than Which
Model You Use

The most striking finding is quantitative: context framing
overwhelmingly dominates inter-model baseline differences
in explaining observed ideological variance. Additive vari-
ance decomposition on valid responses yields:

* Economic axis: ¢tx = 0.8816, Nmodel = 0.0250.
* Society axis: Nctx = 0.9313, Nmoder = 0.0072.

Per-axis, the government axis is the most context-driven
(Metx = 0.9558), followed by society (0.9313), diplomatic
(0.9182), and economic (0.8816); model main effects on ev-
ery axis are under 3%.

High 7. is partly by construction: our contexts were de-
signed to span the ideological space. The low 7y04e1 1S NOt.
Our design could have failed to find it, because a model
with rigid alignment guardrails or a refusal floor would have
produced flat dispersion and a substantial 7,041 Refusals
stay at 1.19% even when the prompt explicitly permits them
(§ Limitations), and neutral responses all but vanish under
extreme framing (§Saturation). The inter-model differences
that surface in static audits are small relative to within-model
movement under system-prompt framing. Adding a con-
text X model interaction term to the same decomposition
leaves the main effects essentially unchanged but absorbs
7int = 0.0837 on the economic axis and 7;,y = 0.0508 on
the society axis out of the residual. The interaction is there-
fore 3—7x larger than the model main effect: model identity



matters less as a static baseline offset and more through how
each model responds to each framing. The tier separation,
per-model saturation pattern, and cross-model coordination
findings reported in the rest of this section all sit inside this
interaction term rather than inside model-

Models Separate into Dispersion Tiers

Despite the dominance of context, models do differ in how
much they move. Mean dispersion scores, from highest
to lowest, are: Kimi K2 (33.32), Qwen3.6 Max Preview
(33.28), GPT-5 (31.41), Claude Sonnet 4.5 (29.17), Grok-
4.3 (28.75), Gemini 2.5 Flash Lite (26.49), and DeepSeek-
Chat v3.1 (24.04). A one-sided Mann—Whitney on the top-
three/bottom-four split gives U = 12, p = 0.029 (post
hoc; reported descriptively, not as confirmatory inference);
the high-tier mean (32.67) exceeds the low-tier (27.11) by
1.21x.

Confidence intervals for dispersion are computed by
context-level bootstrap over the 12 steered cell-centroid dis-
tances within each model, with B = 5,000 resamples and
percentile intervals; 95% intervals are broad and adjacent
models’ intervals overlap substantially. Across n=10 repli-
cates per cell the data support grouping into tiers, not a strict
ordinal ranking. We identify two tiers: a higher-dispersion
group (Kimi K2, Qwen3.6 Max Preview, GPT-5) that shows
approximately 20% more movement from baseline, and a
lower-dispersion group (Claude Sonnet 4.5, Grok-4.3, Gem-
ini 2.5 Flash Lite, DeepSeek-Chat v3.1) that maintains more
stable baselines across conditions.

The tier composition is largely stable across all four axes.
Kimi K2 and Qwen3.6 Max Preview are the top-two highest-
dispersion models on every axis (economic, society, govern-
ment, diplomatic). Gemini 2.5 Flash Lite and DeepSeek-
Chat v3.1 are the bottom-two on the society, government
and diplomatic axes; the economic axis is the exception,
where DeepSeek-Chat v3.1 is still lowest but Gemini 2.5
Flash Lite rises to third. Direction agrees across axes but
magnitude does not (Pearson r = 0.54, p = 0.21, n = 7,
between per-model econ- and scty-axis dispersion). Gem-
ini 2.5 Flash Lite illustrates the magnitude uncoupling: 22.1
econ-axis dispersion vs. 12.3 scty-axis (a 1.8x ratio). The
tiering is not a 2D-aggregation artifact (Fig. 1); it reflects an
axis-stable behavioral disposition whose strength varies by
axis.

The Asymmetry Paradox

A naive reading of our data produces a contradiction. Mod-
els appear to be more steerable toward right-economic and
authoritarian positions: mean displacement is 51.97 for
RO_3 versus 37.76 for LO_3, and 49.30 for 0A_3 versus
25.50 for 0L_3. Proximity gives a more axis-dependent
story. On the economic axis, it reverses the displacement
ranking: LO_3 ends closer to its display-plane target than
RO_3 (7.85 vs. 11.48). On the society display axis, 0A_3
also ends closer than 0L_3 (17.09 vs. 27.27). Directional
asymmetry therefore cannot be summarized by one scalar; it
depends on whether the audit asks how far the model moved
or how close it came to a specified target.
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The 2D compass projection (Fig. 2) provides spatial con-
text for these results. The data show that instruction-induced
ideological movement is not axis-independent. Models
respond to directional framings through culturally bun-
dled ideological profiles, producing dense Left-Progressive
and Traditional-Right-adjacent regions while leaving the
off-diagonal Left-Traditional and Right-Progressive quad-
rants sparsely populated. Two complementary compound-
quadrant pilots, in which contexts request both axes simul-
taneously, confirm that this direction-dependence is not an
artifact of the single-axis prompt families: the same bundled
diagonal is reached preferentially even under explicit off-
diagonal prompts (§ Limitations; supplementary appendix).

The resolution is geometric. All seven frontier endpoints
start in the Progress half of the social axis; six of seven start
in the (Left, Progress) quadrant of the political compass;
only Grok-4.3 deviates, and only on the economic axis (econ
= 45.8, scty = 59.1). No frontier endpoint starts in either
Tradition quadrant. Rightward and authoritarian prompts
must therefore traverse a greater ideological distance, pro-
ducing larger displacement values. Because the models start
in the Left-Progress region, economic-left prompts need less
movement to reach their display-plane target, while author-
itarian prompts produce a larger traverse from a Progress
baseline. Displacement measures effort; proximity measures
attainment. Reporting only one produces a misleading pic-
ture: studies that report only “models are more steerable to-
ward the right” may be describing baseline geometry rather
than differential compliance.

A signed-axis check confirms the geometric reading. Un-
der authoritarian framing (0A_3), mean shift on the gov-
ernment axis is —49.9 percentage points (all seven models
cross the neutral midpoint into Authority territory; baseline
mean ~ 56 — steered mean = 6). Under libertarian fram-
ing (0L_3), the corresponding shift is +29.3 points. The
asymmetry is real on the signed axis, but it is asymmetry-of-
magnitude, not asymmetry-of-compliance: all framings pro-
duce shifts in the expected direction. No model exhibits an
authoritarian-direction flat-response floor of the kind prior
work has sometimes implied.

Saturation at Ideological Extremes

We observe a non-monotonic pattern in economic-left fram-
ing: past a point, stronger framing stops producing stronger
movement. It complicates simple accounts of model be-
havior. Headline 3-of-7 on 2D L2 displacement: Gemini
2.5 Flash Lite, GPT-5, and Grok-4.3 produce less 2D dis-
placement under the most extreme left-economic framing
(1.O_3) than under the moderate version (LO_2). On the di-
rectly targeted economic axis, 5-of-7: Gemini, Kimi K2,
GPT-5, Qwen3.6 Max Preview, and Grok-4.3 score lower
on LO_3 than LO_2. The two metrics disagree on Kimi K2
and Qwen3.6 Max Preview: their 2D displacement keeps in-
creasing because the society-axis component continues to
move under LO_3 even as the economic-axis component
retreats. Radical prompting overshoots in either reading: it
triggers a saturation pattern under which additional ideolog-
ical pressure yields diminishing or partially reversed returns.

This finding is inconsistent with a pure sycophancy expla-
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Figure 1: Steerability overview. Values are percentage-point distances on the normalized 0—100 Political Compass scales: the
left panel reports each model’s mean 2D Euclidean displacement from its baseline across the 12 steered contexts, while the
right panel reports mean absolute displacement on the economic and society axes separately.

nation. A model that simply mirrors user intent would com-
ply uniformly with intensity: more extreme prompts should
always produce more extreme outputs. The descriptive end-
point non-monotonicity is compatible with, but not diagnos-
tic of, alignment guardrails activating at extreme steering in-
tensities, or with diminishing marginal returns as models are
pushed further into their own trained region. A soft-refusal
alternative (that models hedge with neutral answers when
pushed) is also inconsistent with our data: under LO_3 fram-
ing models pick the neutral answer in 1.92% of question-
responses, compared to 37.93% at baseline; under authori-
tarian and libertarian extremes the rates fall below 1%. Mod-
els commit to non-neutral answers under framing; they do
not hedge.

Cross-Model Coordinated Response Patterns

The dispersion patterns we report so far are model-by-
model. Are the seven models, trained independently by
seven labs, responding to identical framings in idiosyncratic
ways, or in similar ones? For each (model, extreme-framing)
cell we compute a per-question shift vector Ay = 5y, cq —
S, None,g over the 70 PC items, then take the Spearman
correlation of these vectors between every model pair. The
mean pairwise rank correlation is striking: ¥ = 0.79 under
authoritarian framing (0A_3), 0.81 under right-economic,
0.73 under left-economic, 0.66 under social-libertarian. A
permutation test that shuffles each model’s shift vector inde-
pendently and recomputes the mean pair correlation places
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all four observed values far outside the null distribution
(p < 0.001 in 2,000 shuffles; null 95th percentile ~ 0.05).

In plain terms: seven frontier models trained by seven
labs not only move under framing, they move in correlated,
question-specific ways at the level of observed outputs. Un-
der 0A_3, approximately three-quarters of the 70 PC items
receive unanimous-sign agreement across all seven models
under a strict nonzero-sign convention.

The convergence scales with prompt intensity: mean pair-
wise 7 on the per-question signed-shift vectors climbs mono-
tonically with framing strength across all four ideological
families, from the 0.34-0.46 range at moderate intensity to
0.66-0.81 at maximal intensity, strictly increasing at every
step on all four (e.g. 0.46 — 0.77 — 0.79 for 0OA). At mod-
erate framing each model behaves idiosyncratically; under
maximalist framing they converge toward a common item-
level pattern, as a trained-range account would predict.

We treat this convergence as output-level regularity in
shift patterns, not evidence of shared internal representa-
tions or post-training mechanisms: a black-box design can-
not distinguish shared pretraining-corpus priors, instruction-
following competence, RLHF preference conventions, or
distillation effects. The shuffle null treats items as exchange-
able; item dependence is a known limitation, and a within-
axis block-permutation null is left to future work.
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Figure 2: Political compass placements across all 13 conditions. Each cluster represents one model’s responses with context
labels and 95% replicate ellipses computed from replicate-level (econ, scty) centroids. Context families separate in expected
directions, but the occupied region is not a uniform grid: directional framings induce coupled movement across axes, with

model-specific footprint sizes.

Discussion
Behavioral Predictions of Mechanistic Accounts

Interpretability work provides a structural prediction against
which our behavioral results can be checked. Kim et al.
(2025) show that political ideology is encoded as approxi-
mately linear directions in activation space, functioning like
a tunable dial; Kabir characterises variation in “ideological
depth” across models and finds that low-depth models of-
ten produce refusals from capability gaps, not safety rules
(Kabir 2025). A linear-representation account makes two be-
havioral predictions: (i) when a framing pushes activation
past a learned range, further pressure should yield diminish-
ing or reversed effects (a saturation ceiling), and (ii) mod-
els with similar training pipelines should activate similar
question-level features under identical framings, producing
correlated per-question shift vectors. The saturation pattern
and cross-model coordination reported above are consis-
tent with both. They are equally the pattern a pure syco-
phancy account does not predict: a model that merely mir-
rors user intent should comply uniformly with framing in-

533

tensity rather than retreat at LO_3. None of this is diag-
nostic. Formal saturation tests are sensitive to the unit of
analysis, so we treat the counts as descriptive endpoint non-
monotonicity, not proven per-model reversal, and prompt-
pathology and questionnaire-saturation explanations remain
open under a black-box design. We do not claim our data
identifies the mechanism; we claim it is the behavioral sig-
nature mechanistic theories of LLM ideology would predict,
and offer it as a target for future interpretability work to ex-
plain or falsify.

From Position to Profile

Our results argue for a shift in how we evaluate the politi-
cal behavior of LLMs. Context dominates inter-model base-
line differences. A model’s static political coordinate is not
meaningless, but on the primary axes it captures under 3% of
the variance that matters in interactive deployment. A further
5-8% sits in the context X model interaction: model identity
matters chiefly through how each model responds to fram-
ing, not through its default coordinate. The dispersion profile
(how far a model moves, in which directions, and with what



reliability) is far more informative. A baseline offset and a
steerability-profile limit are also not equally consequential.
A baseline can be relocated by whoever sets the instruction
layer; a reachability gap, saturation ceiling, or refusal floor
(§ Limitations) is a property of the model that prompting
cannot remove; correcting it requires finetuning, activation-
level intervention, or retraining. A bias in what the profile
can reach is therefore the more serious and less tractable
failure than a bias in where the profile starts.

That does not make static audits obsolete. Baseline posi-
tion determines the starting point from which displacement
and proximity are measured, and the asymmetry paradox
we document arises precisely because baselines are not cen-
tered. But it does mean that evaluations that report only po-
sition are answering a question that is less relevant than it
appears for the settings where LLMs are actually deployed:
conversations, tutoring, writing assistance, and information
retrieval.

The Bounded Pluralism Dilemma

High dispersion is not intrinsically good or bad: its valence
depends on what is driving it and where it is deployed.

Under a bounded-pluralism lens (Sorensen et al. 2024;
Kirk et al. 2024), high dispersion can be desirable: it may in-
dicate that a model can genuinely engage with diverse value
systems, supporting users across the political spectrum in-
stead of imposing a single ideological default. That is the
promise of steerable pluralism: Al that adapts to its user’s
values rather than its developer’s. Recent work operational-
izes this directly: Adams et al. steer models across pluralistic
value profiles via few-shot comparative regression (Adams
et al. 2025). Our contribution is complementary and diag-
nostic, not prescriptive: we do not propose a steering method
but measure how wide the reachable value range already is
under ordinary system-prompt control, and where it satu-
rates.

But high dispersion can also reflect sycophancy (Sharma
et al. 2024; Perez et al. 2023): a model that shifts toward
whatever position it detects in the prompt, not because
it possesses genuine ideological range but because it has
learned that agreement is rewarded. In this case, dispersion
measures not pluralism but compliance.

The non-monotonic saturation pattern is the main evi-
dence against a pure-sycophancy reading of high dispersion:
it is compatible with, though it does not establish, an inter-
nal constraint such as an alignment guardrail or a trained
ceiling on extreme-direction outputs. We develop that argu-
ment, and its limits, in § Behavioral Predictions above.

Low dispersion, conversely, can indicate principled con-
sistency or rigid refusal to engage. Over-refusal benchmarks
document the cost of safety alignment in helpfulness loss
(Cui et al. 2025; Rottger et al. 2024b). For DeepSeek-Chat
v3.1, which shows the lowest dispersion in our study, an ad-
ditional factor may be relevant: geopolitical content filtering
has been documented in Chinese-origin models on questions
of Taiwanese sovereignty (Ko 2026). Such filtering would
compress ideological range through hard censorship rather
than through alignment training.
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The baseline Neutral-response rate is the structural
counter-axis to dispersion: it ranges from 81.6% (Qwen3.6
Max Preview) to 6.4% (Gemini 2.5 Flash Lite), a 13x
spread largely uncorrelated with compass position. Because
our compliance-conditional dispersion is computed only
over committed answers, a model that abstains often at base-
line has more room to commit under framing; reporting dis-
placement without baseline commitment hides this.

Deployment Risk Profiles: Delegation and
Educational Personalization

Controllability is the enabling property of delegated agents.
A user who wants an assistant to argue, draft, or triage on
their behalf is asking for a system positioned at their val-
ues, not the provider’s default. Our dispersion profiles say
how reliably each endpoint can be placed there, and how
much further it can be pushed. The governance consequence
is not obvious, however. When the profile is written by hand,
some person authored the normative default and can be held
to it. When it is induced from a user’s own interaction his-
tory (Jiang et al. 2025) and then tuned by automatic prompt
optimization (Yuksekgonul et al. 2025; Khattab et al. 2024),
no one explicitly authored it, and the resulting position may
be neither inspected nor inspectable by the user it purports
to represent. Auditing controllability at the system layer is
what makes an induced default legible: it establishes the
range within which a learned profile can place a model, and
therefore what a delegation is capable of committing its prin-
cipal to.

The stakes are sharper in personalization contexts where
multiple legitimate stakeholders (users, families, institu-
tions, providers, regulators) may disagree about acceptable
framing, and where those bounds have to be set norma-
tively, not derived (Kirk et al. 2024). In education the con-
flict is concrete: personalized content already encodes de-
mographic bias (Weissburg et al. 2025), and unguarded tool
design measurably harms learning (Bastani et al. 2025). In
child-facing educational systems this becomes a question of
authority. Within the range a tutor can be steered across, who
sets the default: guardians, schools, providers, or regulators?
The operative design question in education is where Al sits
in the learning loop, not merely whether it is present (Brcic
and Frljic 2026). A steered tutor shapes normative defaults
precisely where learners are least equipped to contest them.
That is what makes the allocation worth arguing over rather
than leaving it to whoever happens to control the instruction
layer. What an audit supplies is the range itself, so that the
argument runs over a measured space, not an assumed one.

Limitations

This is an observational black-box benchmark; we make
no causal claims about training pipelines, RLHF, or inter-
nal safety mechanisms. Model endpoints are moving tar-
gets, so our results are a dated snapshot (May 2026), not
a timeless property of model families. We scope claims to
the seven endpoints evaluated; broader patterns are hypothe-
ses for open-source replication, not general assertions about
LLMs.



Political Compass as probe, not target. We do not
treat Political Compass as a validated ideology theory; we
use its items as a fixed, low-dimensional probe for rel-
ative response displacement under controlled instruction
changes. Our claims are within-instrument — movement,
dispersion, asymmetry under matched prompts — not abso-
lute ideological diagnosis. Coordinate noise documented by
Rottger et al. (2024a); Ceron et al. (2024) affects absolute
placement more than the within-instrument displacement
we rely on. The instrument is English-only; paraphrase,
instrument-substitution, and multilingual robustness remain
future work.

Model scale. Parameter counts are undisclosed for most
endpoints, so we cannot test whether dispersion scales with
model size as Bernardelle et al. (2025b) report for open-
weight families; our tiers are behavioral, not size, groupings.
An open-weight replication with known, varied size and a
fixed training pipeline would test this directly.

Role-conditioned vs. dialogue-emergent controllabil-
ity. Our steering operates entirely through fixed system-
prompt personas injected before the conversation begins
(scope motivated in the Introduction): we measure where a
delegated agent can be placed, not how it drifts once a con-
versation is under way. Even frontier models track a user’s
preferences across a conversation unreliably (Jiang et al.
2025), so whether comparable steerability emerges from
dialogue alone, whether induced profiles reach the same
positions as hand-written personas, and whether dialogue-
emergent controllability shares our saturation ceilings are
open questions for future work. The system-prompt layer we
probe is also most directly available to platform operators,
not end users; induced-profile personalization (§ Introduc-
tion) narrows but does not close this gap.

Prompt-time versus training-time steering. We isolate
steering at the instruction layer and do not modify weights.
Training-time interventions — finetuning, RLHF, activation-
level editing (Santurkar et al. 2023; Kim, Evans, and Schein
2025) — move the same behavior through a more permanent
channel and can reshape the reachability profile (saturation
ceilings, refusal floors) that prompting cannot. The two are
complementary; separating their contributions (e.g., whether
a saturation ceiling is retraining-removable) requires white-
box access and is left to future work.

Forced-choice interface. Our protocol forces a single la-
bel per item. This interface may amplify apparent steerabil-
ity by collapsing ambivalence, hedging, or mixed-position
reasoning into discrete directional movement. Our bench-
mark therefore measures instruction-conditioned response
movement under a constrained audit interface, not free-form
ideological expression. Open-ended free-form replication is
future work.

Bounding within pluralistic-alignment taxonomy. To
clarify scope against neighboring concepts, Table 2 maps
our measurement against Sorensen’s pluralistic-alignment
taxonomy (Sorensen et al. 2024) and the OpenAl Model
Spec instruction hierarchy.

Our forced-choice format measures compliance-
conditional dispersion (how answers shift given that a
model answers). A refusal pilot (E3) confirms the format
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Concept Measured?  Status

Steerable pluralism Partially System-prompt
controllability on a

political-axis probe

Distributional pluralism No Requires
population-
preference ag-
gregation

Overton-boundary plural- No Requires normative

ism boundary specifica-
tion

Personalized alignment No We measure a pre-
requisite, not full
alignment

Instruction-stack authority  Partially System layer only;

root, developer, and
user layers out of
scope

Table 2: What this paper does and does not measure.

does not materially suppress refusals. With a softened
system prompt that explicitly permitted a REFUSE response
on any item, DeepSeek-Chat v3.1 refused on only 1.19%
of items across three extreme-framing conditions (0A_3,
0L_3, LO_3; two runs each, 420 question-responses; 5/420:
1/140 under 0A_3 and 4/280 under 0L_3 and LO_3 com-
bined). Refusals remained directionally near-symmetric.
Direction preservation held for eight of nine axisxcontext
combinations; the exception was a small economic-axis
sign flip under 0L_3. On the model and contexts tested, the
forced-choice format does not appear to materially suppress
refusal behavior; the E3 pilot is a refusal-floor check on
DeepSeek-Chat v3.1, not a full replication across all seven
endpoints.

Silent neutral-imputation and the NULL-repair au-
dit. Our original collection pipeline silently imputed Neu-
tral on parse failures. We patched the collector to preserve
NULL, re-derived cell scores excluding NULL from denom-
inators, and confirmed via sensitivity analysis that headline-
aggregate movement is bounded at |A| < 0.124 pp on any
primary context-axis combination. Repair recovered most
failures, and residual missingness is small: in the core data,
64 rows are repair-folded (54 valid repaired responses; 10
persistent missing: 6 refusal-class, 4 unparseable); in the
broader repair-backfill audit, 192 candidates produced 159
recoveries and 33 persistent failures. We therefore report
complete-case and repair-clean analyses in parallel rather
than substituting forced-choice values for refusals.

Temperature ablation (E2). To verify that findings are
not artifacts of stochastic sampling, we re-ran the 0A_3
condition for DeepSeek-Chat v3.1 at T = 0.1 (near-
deterministic) for 2 independent runs. Displacement in
(econ, scty) space was 41.2 at T’ 0.1 versus 45.8 at
T = 0.7; all 4/4 axes preserved direction. Standard devia-
tion on the economic axis fell from 4.7 (I" = 0.7) to 3.6
(T' = 0.1). The effect is temperature-robust; our large con-
text effect sizes (% ~ 0.88-0.93 on the primary axes) moti-
vate the main 7" = 0.7 design.



Prompt-length ablation (E1). Higher-intensity framings
in our taxonomy are slightly longer than lower-intensity
ones, raising a potential prompt-length confound. We tested
this directly with a matched-length neutral persona (The Re-
flective Inquirer, 228 words, no ideological content) con-
structed to match the word-count of our level-3 framings.
For DeepSeek-Chat v3.1 the neutral length-matched context
produced a mean (econ, scty) L2 displacement of 3.94 points
from baseline, versus a mean of 37.78 points for the four par-
tisan extreme conditions, a 9.6 x ratio. Prompt length alone
cannot account for the steerability signal.

Reachability vs. prompt-family coverage. The compass
region occupied by our 12 single-axis contexts (Fig. 2) re-
flects the prompt families used, not exhaustive model reach-
ability. We therefore ran two 7-model x n=>5 pilots whose
prompts ask for both axes at once. On the (econ, scty) plane
of Fig. 2 (LP_3, LT3, RP_3, RT_3), no model fills the
square: per-model coverage is 10.6-32.9% of the plane, and
the culturally bundled Left-Progress <+ Right-Tradition di-
agonal is reached 5.8-12.9 pp closer than the off-diagonal
corners on all seven models. A second pilot on the (econ,
govt) plane (LA_3, LL_3, RA_3, RL_3) repeats the pattern:
coverage 12.8-38.7%, and a Left-Lib +> Right-Auth diago-
nal advantage of 2.7-11.4 pp on six of seven models, with
Grok-4.3 near-symmetric on that plane only. This bounded
coverage is consistent both with model-side compression
of off-diagonal combinations and with axis coupling in the
8values items themselves; separating the two would require
an instrument-substitution study. Both pilots are reported in
full in the supplementary appendix.

Open-ended reasoning, multilingual transfer, and open-
source baselines (Bernardelle et al. 2025b) are out of scope.

Reproducibility

We release everything needed to repeat the study: the 12
persona prompts and baseline prompt, the 70-item instru-
ment, per-question axis weights, raw model answers (N =
63,700), and analysis scripts for the variance decomposi-
tion, bootstrap intervals, signed-axis projection, and cross-
model permutation test. Running the package rebuilds ev-
ery processed file from the raw answers and re-checks ev-
ery reported number. It is archived at Zenodo (DOI 10.5281/
zenodo.21489805) (Bucan et al. 2026) and browsable at
https://github.com/mbrcic/llm-political-steerability; § Mod-
els and Inference Settings lists the exact API identifiers so
later versions can be benchmarked under the same protocol.

Conclusion

The question “Is this model politically biased?” is less useful
than it appears. A more productive question, and the one our
benchmark operationalizes, is whether value-sensitive out-
puts are instruction-conditionable in predictable, asymmet-
ric, and auditable ways. Within our forced-choice probe, the
answer across seven leading commercial endpoints is yes.
Context framing accounts for roughly 88% of economic-
axis variance and 93% of society-axis variance; inter-model
baseline differences account for under 3%. A further 5—
8% sits in the context X model interaction. Models do
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differ, then, but principally in how they respond to fram-
ing, not in where they start. Controllability is non-uniform
across dispersion/symmetry/saturation/refusal-floor dimen-
sions, and per-question shifts converge across models at the
level of observed outputs (a large majority of PC items re-
ceive unanimous-sign agreement under authoritarian fram-
ing) without our being able to adjudicate the underlying
system-layer driver.

We recommend that future political evaluations report
controllability profiles alongside position estimates, decom-
pose directional claims into displacement and proximity,
treat reliability concentration as part of the empirical result,
and audit the instruction-bearing layers that shape deployed
behavior. The question is not only whether a model has a
political location, but who can move it, how far, under what
authority, through which instruction layer, and with what
asymmetries.

Adverse Impact and Positionality

Adverse impact. This dispersion-first framing is dual-use:
showing that frontier LLMs comply with directional fram-
ings, including authoritarian ones, could inform red-teaming
or adversarial influence. We report aggregate magnitudes,
not per-question persuasion recipes, and release no optimi-
sation pipeline for influence. The deeper risk is deployment:
a system steerable anywhere on a value axis concentrates
normative authority in the instruction layer, whether set by a
platform or induced from a user profile (§Deployment Risk
Profiles), which argues for disclosing steering ranges along-
side baselines. Our framings come from a public political-
compass tradition, not purpose-built persuasion datasets. We
judge the benchmark’s safety value to outweigh its capabil-
ity uplift, though this judgement is debatable.

Positionality. The authors are academic researchers in
computer science and Al ethics at a European university,
with no commercial relationship to the seven providers eval-
uated. We bring our own priors: treating “models that match
the user’s framing” as worth measuring reflects a position
on Al behavior and pluralism. Our metrics are symmetric
across directions, so readers with different priors can still
interrogate the data.
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