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Abstract

Large language models encode high-level con-
cepts with heterogeneous domain-specific man-
ifestations, but it remains unclear whether their
internal representations are organized in a form
that supports cross-domain generalization. We
investigate this question by adapting represen-
tational geometry methods from systems neu-
roscience and using political ideology as a nat-
uralistic test case for a candidate latent variable
spanning diverse policy domains. Across three
open-weight LLMs, we analyze hidden states
elicited by matched left- and right-leaning state-
ments from ten policy domains. Within each
domain, while political polarity is linearly de-
codable, lexical features achieve comparable
performance. By contrast, cross-domain gener-
alization substantially exceeds the lexical base-
line and peaks in intermediate layers. This peak
coincides with a marked reduction in participa-
tion ratio, suggesting that domain-specific po-
litical distinctions, instead of being maintained
as independent axes, become aligned within a
shared low-dimensional subspace. These find-
ings suggest that LLMs transiently organize
heterogeneous inputs into a common represen-
tational geometry that supports cross-domain
abstraction, offering insight into how models
structure complex social knowledge.1

1 Introduction

Large language models (LLMs) exhibit a remark-
able capacity to generalize across tasks, domains,
and linguistic contexts (Brown et al., 2020; Con-
neau et al., 2020). Their success suggests that they
do not merely memorize statistical regularities, but
instead construct internal representations that cap-
ture higher-order structure underlying language and

* These authors contributed equally to this work.
1Data and code are available on GitHub at d-noe/llm_po-

litical_abstraction.

the world. A central question for mechanistic inter-
pretability is therefore not simply what information
can be decoded from model activations, but how
that information is organized and used within the
models distributed representational space (Elhage
et al., 2022; Geiger et al., 2025). Existing inter-
pretability research has made substantial progress
in identifying decodable concepts, localized fea-
tures, and mechanistic circuits (Belinkov, 2022;
Conmy et al., 2023; Templeton et al., 2026), yet
comparatively little is known about the represen-
tational geometry that enables models to general-
ize across semantically distinct situations. Under-
standing this geometry is essential for explaining
how neural networks transform diverse observa-
tions into abstract concepts that support flexible
reasoning (Halford et al., 2010; Kemp and Jern,
2009; Kriegeskorte and Kievit, 2013).

Recent work in systems neuroscience has pro-
posed that a capacity for abstraction depends on the
geometric organization of neural state space instead
of merely being a property of information content
(Bernardi et al., 2020; Courellis et al., 2024). In
this view, a representation is considered abstract
if it organizes neural activity such that a decoder
trained under one set of conditions generalizes to
previously unseen combinations of other task vari-
ables. These analyses have revealed that popula-
tions of neurons in the hippocampus and prefrontal
cortex encode hidden task variables in formats that
directly support inference and flexible behavior.
Together, these studies suggest that abstraction is
not simply a matter of information content, but of
how information is structured within a distributed
representational space (Chung and Abbott, 2021).

Whether analogous representational principles
emerge in LLMs remains underexplored. Most
existing analyses have focused on identifying se-
mantic features, concept directions, or individual
computational components (Bricken et al., 2023;
Gurnee and Tegmark, 2024; Marks and Tegmark,
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2024; Templeton et al., 2026; Wang et al., 2022).
While these approaches establish that particular
concepts are encoded, they do not distinguish be-
tween representations that merely contain informa-
tion and those that organize information into latent
variables capable of supporting structural general-
ization. This distinction is particularly important
for high-level socially constructed concepts, whose
instances often differ dramatically in surface form
while sharing a common conceptual organization.

Political ideology (Feldman and Johnston, 2014)
provides a naturalistic test case for addressing this
question. Unlike laboratory tasks in which latent
variables are explicitly designed by the experi-
menter, political ideology emerges from long-term
social, historical, and institutional processes. It is
expressed across diverse policy domains, including
taxation, healthcare, immigration, climate policy,
etc. that share little vocabulary or semantic content,
yet humans readily recognize them as instantiations
of a common left-right distinction. Consequently,
successful representation of ideology cannot rely
solely on lexical similarity or topic-specific associ-
ations, but instead requires extracting a latent con-
ceptual variable that spans heterogeneous semantic
contexts. Political ideology therefore constitutes a
demanding benchmark for abstraction: if a model
represents ideological stance in a common format
across policy domains, it provides evidence that the
model has organized diverse observations around
an abstract conceptual coordinate rather than a col-
lection of independent topical features.

Here we investigate whether LLMs represent po-
litical ideology as an abstract cross-domain variable
using geometric analyses inspired by systems neu-
roscience. We analyze hidden activations elicited
by matched pairs of ideologically opposed politi-
cal statements spanning multiple policy domains
and characterize their representational geometry
across model layers. Specifically, we test whether
classifiers trained on one set of policy domains gen-
eralize to unseen domains, and whether ideological
representations occupy low-dimensional subspaces
while remaining sufficiently expressive to preserve
rich semantic structure. Rather than evaluating po-
litical bias or ideological preference, our objective
is to characterize the internal organization of dis-
tributed representations that supports abstraction.

2 Related Work

Interpretability research has shown that linguistic,
semantic, factual, and behavioral variables are of-
ten recoverable from model activations using linear
probes, sparse autoencoders, and circuit-level anal-
yses (Belinkov, 2022; Bricken et al., 2023; Temple-
ton et al., 2026; Wang et al., 2022). These methods
primarily establish what information is encoded,
rather than how different variables are geometri-
cally organized within the models representational
space. The global organization of distributed rep-
resentations that enables abstraction and structural
generalization remains underexplored.

Some recent work has started to examine the ge-
ometry of high-level concepts in language models.
Marks and Tegmark (2024) showed that truth and
falsehood are encoded as approximately linear di-
rections in activation space, while Kim et al. (2025)
demonstrated that political perspective forms a lin-
ear representational axis that generalizes across
politicians and media outlets. These studies pro-
vide evidence that important conceptual variables
may be encoded geometrically. However, they pri-
marily establish the existence of linear representa-
tional directions rather than asking whether these
directions participate in an abstract geometry that
supports structural generalization across semanti-
cally distinct domains.

A complementary perspective originates in sys-
tems neuroscience (Chung and Abbott, 2021),
where abstraction has been characterized geomet-
rically rather than informationally. Bernardi et al.
(2020) introduced cross-condition generalization
performance (CCGP) and parallelism score as op-
erational measures of abstract neural representa-
tions, demonstrating that variables are represented
abstractly when their coding geometry supports
generalization across previously unseen task condi-
tions. More recently, Courellis et al. (2024) showed
that similar geometric signatures emerge in human
hippocampal neurons during inference, suggesting
that abstract representations naturally emerge in
biological neural systems.

Political ideology in LLMs has been studied
from the perspectives of bias evaluation, and value
alignment (Bang et al., 2024; Röttger et al., 2024;
Faulborn et al., 2025). In the Political Science lit-
erature, prior studies have shown multiple ways
to estimate ideological positions from political
text. Early text-scaling methods such as Word-
scores (Laver et al., 2003) and Wordfish (Slapin and
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Proksch, 2008) demonstrated that latent political
positions can be recovered from patterns of word
usage, while recent work shows that LLMs can like-
wise position political texts along ideological and
policy dimensions with high accuracy (Le Mens
and Gallego, 2025). Whereas this literature seeks
to infer political positions from observed text, we
examine the internal representations of LLMs and
ask what representational organization inside the
model makes this possible? We treat ideology not
as an object of political analysis but as a naturalistic
latent variable spanning multiple policy domains,
that can act as a demanding test case for a wider
class of complex social ideas, and ask whether it
is represented in internal model activations as an
abstract cross-domain concept. This allows us to
evaluate whether LLM representations exhibit the
geometric signatures of abstraction previously iden-
tified in systems neuroscience, thus extending these
methods to socially grounded concepts in LLMs.

3 Methodology

The structure of political information representa-
tion in LLMs’ latent spaces is analysed through the
activation patterns induced by politically charged
texts. This section presents the different steps of
the experimental procedure, designed to run princi-
pled layer-wise evaluation of LLMs’ representation
spaces. It outlines data curation and preparation,
models selection, activation extraction, and the
mathematical tools, inspired by neuroscience, used
to operationalise and quantify political abstraction.
A schematic overview of the experimental pipeline
is illustrated in Figure 1.

3.1 Experimental Framework

This study relies on representations extracted from
the activation spaces of three medium-sized LLMs
in response to politically loaded stimuli.

3.1.1 Dataset
As the base material for the experiments, the Twin-
Views dataset (Fulay et al., 2024) was selected
because it aggregates a large-scale set of politically
opposed stances, labelled by political domains.

This dataset originally contains nearly 14K pairs
of left- and right- leaning political statements cover-
ing a broad range of policy issues. Each pair consist
of short, one- to two- sentence long stances gen-
erated with ChatGPT (GPT-Turbo 3.5) to express
starkly diverging perspectives on a given topic. The

dataset was further “[extensively audited] to ensure
ideological balance and topical relevance"2.

To allow for domain-related analyses, Twin-
Views was further refined through label-smoothing
and filtering. First, topic-labels are unified through
hierarchical clustering on the original fine-grain
topic tags using BERTopic (Grootendorst, 2022)
to merge highly overlapping semantic categories.
Then, only the top ten topics are retained to filter
out sparse or ambiguous topics.

This refinement process results in a final dataset
of 7, 886 stance pairs, or Ndata = 15, 772 politi-
cal statements in total, associated with ten policy
issues, namely: tax, regulation, education, gun
control, energy, healthcare, diversity and inclusion,
immigration, social welfare, and climate change.
Additional details and examples are provided in Ap-
pendix A.

3.1.2 Models

The experimental framework is applied identically
to three medium-sized LLMs, chosen to control for
architectural dimensions, alignment paradigms and
training strategies: Llama-3.1-8B, Llama-3.1-
8B-Instruct (Grattafiori et al., 2024), and OLMo-
2-1124-7B-Instruct (OLMo et al., 2024).

From a structural perspective, all three models
share an identical geometry with L = 32 com-
putational layers and a latent space dimension of
D = 4096. This design enables direct comparisons
between models in the ensuing analyses, where the
extracted latent representations are the core mate-
rial.

These specific models were selected to allow to
differentiate potential variations along two compar-
ative axes. First, the inclusion of both base and
instruction-tuned versions of Llama-3.1-8B iso-
lates the impact of the alignment-tuning. Then,
studying models from Llama-3.1 and OLMo-2
suites, contrasts model families through represen-
tatives of proprietary and open-science ecosys-
tems. Also, the inclusion of OLMo-2-1124-7B-
Instruct, a fully transparently trained LLM, may
open avenues for further investigations into the ori-
gins of the measured behaviors, from training data,
to pre-training checkpoints, until alignment tuning.

2While the relevance of binary political left (l) and right (r)
tags can certainly be discussed, they serve as an operational-
isation of polarized, competing viewpoints within specific
domains, reflecting the contemporary partisan cleavage in the
United States’ political landscape (e.g. Levendusky, 2009).
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Figure 1: Schematic representation of the experimental framework. The first row illustrates the data acquisition part
(related to subsection 3.1), and the second row introduces the analytical pipeline (outlined in 3.2).

3.1.3 Representation Extraction

To investigate the latent representations of LLMs,
internal hidden states are systematically extracted
across the networks depth during a single forward
pass.

The raw textual stances from TwinViews are
directly fed into the models without any prompt
engineering, instruction wrapping, or specialized
formatting templates. Respecting the dynamic na-
ture of information processing in feed-forward neu-
ral networks, for each input text fed to a model
m constituted of Lm layers, we extract the se-
quence of hidden state tensor Hl from the residual
stream at the output of every Transformer block
l ∈ {0, 1, · · · , Lm}.

Then, because causal LMs process text autore-
gressively, the activation vector corresponding to
the final token in the sequence is assumed to aggre-
gate the contextual information of the entire input.
Consequently, and for analytical convenience, we
employ a last-token pooling strategy, discarding all
intermediate token vectors and retaining only the
final token’s hidden state at each layer.

This extraction pipeline yields an activation ma-
trix Xm ∈ RNdata×Lm×Dm , for each model m,
where Ndata is the number of samples in the
dataset, Lm the number of layers in the model,
and Dm the dimensionality of the model’s latent
representation space. The recorded Xm vectors are
the core material for the ensuing analyses.

3.2 Analytical Framework

The analytical framework largely relies on method-
ologies established in system neuroscience by
Bernardi et al. (2020), who set the geometric hall-
marks of feature abstraction in neural populations.
According to their definition, an abstract repre-
sentation requires that variables are encoded such
that they allow for generalisation across context-
dependent conditions.

3.2.1 Probing Decoding Directions

In line with the aforementioned concept of ab-
straction, the analysis is fundamentally driven by
domain-constrained linear Support Vector Classi-
fiers (SVCs) trained to retrieve separating hyper-
planes between opposing political views. These
probes are evaluated along two primary dimensions:
within conditions and across conditions.

Within Condition Performance (WCP) WCP
verifies whether the studied feature is linearly
decodable within individual contexts. Formally,
given a set of K domains D = {d1, d2, . . . , dK}
(here, K = 10 policy issues), let θi→i denote
the mean cross-validation classification accuracy
(here, binary classification between opposing po-
litical stances) of linear probes trained and evalu-
ated strictly within the data partition of domain di.
Then, for each model, and at each layer, the over-
all WCP is given by the macro-average of these
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within-domain decoding accuracies:

WCP =
1

K

K∑

i=1

θi→i (1)

A low WCP indicates that the probes fail to re-
trieve domain-specific hyperplanes separating left-
from right-leaning views, while high values demon-
strate that such directions exist on an issue-basis,
outlining that the model represents local polarized
structure.

Cross-Condition Generalisation Performance
(CCGP) This metric formalises and tests se-
mantic abstraction within latent representation
spaces. The performance of probes trained on
single domains are assessed on every other do-
main. Adapting the framework of Bernardi et al.
(2020), the structural abstraction is quantified
through the cross-condition generalisation perfor-
mance (CCGP). Here, CCGP measures whether
linear hyperplanes trained to separate views within
a given context generalise to other domains. For-
mally, letting θi→j be the accuracy of a probe
trained on representations from domain di and eval-
uated in domain dj , the macro CCGP is the aver-
age performance across all distinct domain pairs:

CCGP =
1

K(K − 1)

∑

1≤i 6=j≤K

θi→j (2)

Geometrically, a high CCGP requires that the cod-
ing directions separating left- from right-leaning
statements are sufficiently aligned to allow for func-
tional classification generalisation, indicating the
existence of an overarching ideology-discriminant
dimension. In contrast, if the models treat policy
domains as structurally unrelated, the cross-domain
directions are expected to be orthogonal in the la-
tent space, forcing CCGP toward a chance level of
50%.

In practice, to take into account data variabil-
ity, all linear probes are trained using a 5-fold
cross-validation scheme. WCP is computed on
the 20% holdout set within the same domain, while
for CCGP, the accuracy is calculated on every other
domain using the entirety of the available data. All
reported performance scores reflect the mean clas-
sification accuracy across these random folds. The
results related to these analyses are reported respec-
tively in section 4 and section 5.

Lexical Baseline To substantiate that the de-
coded geometry reflects conceptual abstraction be-
yond surface-level lexico-syntactic patterns, the
probing results are contrasted against a Term Fre-
quency Inverse Document Frequency (TF-IDF)
baseline. The textual features extracted are then
treated identically as the latent vector representa-
tions, using linear SVCs for classification across
5 data folds. This method provides a strict lower
bound for performance achievable solely through
surface-level lexical features.

If latent representations yield higher separabil-
ity than the TF-IDF, especially across domains, it
provides evidences for semantic abstraction within
the models’ internal spaces that transcends mere
vocabulary differences.

3.2.2 Latent Geometry and Effective
Dimensionality

Further, the structural alignment of domain-specific
political directions within the latent geometry is
investigated using the contrast vectors. Those are
defined as the directional axes of partisan divide
for each individual policy issue. Contrast vectors
are computed as normalised centroids’ differences.
In practice, for each domain di ∈ D, stance-wise
centroids µi,r and µi,l are computed as the mean
of the latent vectors of the right- and left- stances,
conditioned by the domain di. Normalised contrast
vectors are then given by:

vi =
µi,r − µi,l

‖µi,r − µi,l‖
(3)

Contrary to Bernardi et al. (2020) and tradi-
tional neuroscience frameworks which typically
rely on max-permutation-based parallelism scores
(PS) to explore whether parallel structures exist,
the hypothesis-driven nature of our work demands
a slightly different approach. A natural adaptation
of PS to our experiments could involve averaging
parallelism scores across domain pairs, but instead
we opt for a mathematically related metric (as dis-
cussed in Appendix C): the participation ratio
(PR).

PR provides a continuous estimation of the ef-
fective number of orthogonal dimensions required
to fully characterize the geometry of political polar-
isations. The set of contrast vectors {vi}Ki=1 is used
to construct a K ×K Gram matrix G, where each
entry Gi,j = vi · vj represents the cosine similarity
between the polarisation axes of domain i and do-
main j. PR is then derived from the eigenvalues
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{λk}Kk=1 of the Gram matrix G:

PR =

(∑K
k=1 λk

)2

∑K
k=1 λk

2
(4)

Through eigenmodes, PR acts as a continuous
estimator of the number of orthogonal directions
needed to reconstruct the distribution of original
contrast vectors. This score theoretically ranges
from 1 to K, where 1 indicates a single global
axis (here, all domains’ first modes are perfectly
collinear), and K means that all contrast vectors are
strictly orthogonal (here, completely independent,
domain-specific features). It was preferred over
PS to capture global organisation patterns of the
contrast vectors while mitigating local pairwise
dependencies. Empirical results are presented in
section 6.

The subsequent sections map out the findings
along the pipeline described above. First, section 4
establishes whether local domain polarization is
linearly decodable from LLMs’ latent representa-
tions. Then, section 5 expands this to cross-domain
evaluations to test for overarching ideological axes.
Finally, section 6 seeks to characterize the intrin-
sic dimensionality and geometric layout of these
shared policy representation spaces.

4 Policy-Based Political Leaning is
Linearly Encoded in Latent Space

The first step of the experimental pipeline estab-
lishes whether opposing political stances can be lin-
early decoded from LLMs’ internal representations
when conditioning on individual policy domains.
This analysis serves as a critical sanity check: be-
fore evaluating whether a LLM abstracts a concept
of ideology, one must verify that it encodes local,
domain-specific polarization. Hence, WCP scores
(Equation 1) are computed for all layers of the
tested models.

As illustrated on Figure 2, for each model, WCP
reaches high scores throughout the layers. In the
earliest layers (l ≤ 3), WCP increases rapidly
from ∼ 95%–96% to near-perfect classification
accuracy (∼ 99%–100%) by layer l = 4. Then the
values plateau at ceiling level performance until the
last layer of the models.

This rapid saturation aligns with the TF-IDF lex-
ical standpoint, which also achieve near-perfect
WCP. This suggests that, at local scales, the vo-
cabulary choices and lexical tokens characteristics
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Figure 2: Within-Condition Performance across layers
with 95% bootstrapped confidence intervals. Horizontal
dashed line shows the lexical baseline performance.

of partisan stances within TwinViews are sufficient
to cleanly separate views from opposing sides of
the political spectrum.

If the results confirm that linear directions encod-
ing domain polarization are highly prominent in
LLMs latent space, WCP alone does not differenti-
ate between two competing structural hypotheses:

1. The model represents political divides in dis-
joint, local clusters on an issue-basis, indepen-
dently from one domain to another, or

2. The model maps all domains onto a unified
political abstraction direction.

5 Political leaning is represented
abstractly across policy domains

Having established, in section 4, that opposing
views can be consistently separated within individ-
ual domains, a more fundamental question arises:
Does this organisation reflect a collection of in-
dependent domain-specific features, or do LLMs
construct a unified overarching ideological abstrac-
tion? These hypotheses are tested through the eval-
uation of cross-condition performance of within-
domain trained probes. CCGP (Equation 2) is
used to assess potential structural abstractions.

The empirical behavior of CCGP across net-
work depth exposes a distinct architectural phe-
nomenon, as shown in Figure 3. Unlike WCP,
which saturates since early layers, CCGP follows
a non-monotonic curve, common to each tested
model. It first increases in the early layers, then
peaks in the middle layers, before slowly decaying
in the later layers.

Indeed, in accordance with most findings on
Transformer-based models, the early layer seem
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Figure 3: CCGP, or Cross-Condition Generalization Performance, against layer depth with 95% bootstrapped
confidence intervals. Detailed cross-condition performance for Llama-3.1-8B-Instruct are presented at specific
layers. Diagonal elements represent within-domain accuracy, evaluated on holdout cross-validated folds (used to
compute WCP); off-diagonal elements are cross-domain performance, evaluated on the whole domain-constrained
data subsets. Additional detailed results for all models at every layers are provided in Appendix D.

to work as lexical build-up. Here, in the first layers,
CCGP steadily increases from ∼ 60% at the input,
until reaching values above 90% by the tenth layer.
This patterns aligns with semantic abstraction by
the model, here resulting in high domain gener-
alisation, likely indicating that shared ideological
axes emerge during processing. Finally, after a
short plateau with constantly high values during
approximately 7 to 9 consecutive layers, CCGP
slowly decays from the late middle layers to the
end of the network, as the model prepares for next
token generation.

The contrast between lexical performance and
high mid-network latent generalisation, with
CCGP significantly above the lexical baseline, pro-
vides robust empirical evidence that LLMs con-
struct an latent, conceptual geometry representing
political ideology.

6 The Geometry of Political Abstraction
is Low-Dimensional

The alignment and cross-domain generalization ob-
served in section 5 suggests a high degree of struc-

tural organisation and implies shared geometric
arrangements in the latent space. To test that this
generalisation is driven by a compression of po-
litical concepts rather than decentralized, or high-
dimensional layout, the investigation turns to quan-
tifying the effective intrinsic dimensionality of the
latent policy representation subspaces.

As plotted on Figure 4, the layerwise trajectory
of PR inversely mirrors the CCGP trends detailed
in section 5. Note that all observed participation
ratios (except for the two first layers of OLMo-2-
1124-7B-Instruct) are significantly lower than
those obtained under domain-wise label permuta-
tion null models (with p ≤ 0.01), indicating sub-
stantially greater alignment of contrast vectors than
expected by chance.

In the early layers of every tested models, the
PR sits at a relatively high value (≈ 7). This indi-
cates that the models initially treat political stances
within highly distinct, domain-bounded subspaces.
Yet, as the information flows to the middle layers
of the networks, PR continuously decreases un-
til reaching global minima with PR ≤ 3 in the
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Figure 4: PR, or Participation Ratio, against layer depth with 95% bootstraped confidence intervals. Detailed
normalised eigenvalues spectrum are presented at specific layers for Llama-3.1-8B-Instruct. Detailed cosine
similarity scores between contrast vector pairs, for all models, at every layers, are provided in Appendix D.

same range of layers where CCGP peaks. This
systematic reduction in effective dimensionality
provides additional evidence of structural compres-
sion and the abstraction of political information
by LLMs. At such layers, spectral analyses of
the Gram matrices reveal that the leading eigen-
values λ1 alone regularly account for 5458% of
total variance across models (over five times the
uniform baseline). While this finding confirms that
the geometry is anchored by a dominant global po-
litical axis, further analyses would be required to
characterize the factors preventing PR from reach-
ing 1. In the late layers of the model, PR begins
a gradual upward ascent. Once again, this struc-
tural decompression aligns with the functional de-
mands of next-token prediction heads. To gen-
erate contextualised text, the models need to un-
pack the low-dimensional ideological abstraction
back into a more expressive, domain-richer se-
mantic space. To complement on the relationship
with cross-condition generalisation, layerwise PR
and CCGP exhibit a strong negative correlation
across all models (Pearson r ≈ −0.94 to −0.95,
p < 0.001). As shown in Figure 5, their trajectories
reveal a clear co-evolution, with CCGP peaking

precisely as effective dimensionality collapses.
Together, these scores suggest that, through

dynamic processing of information, LLMs con-
strue a low-dimensional conceptual representation
space that abstracts complex social ideas, while
retaining sufficient information to allow for re-
contextualisation.

7 Discussion & Conclusion

This work investigates whether and how LLMs rep-
resent political ideology as an abstract variable that
generalizes across substantively different policy do-
mains. Our study extends geometric approaches to
abstraction from systems neuroscience to LLMs,
demonstrating that abstract representational geom-
etry can be investigated in LLMs using naturalistic
socially grounded concepts instead of experimen-
tally constructed tasks.

Across three open-weight models, political lean-
ing is highly linearly decodable within individ-
ual domains from early layers onward (section 4).
However, this local separability is also largely cap-
tured by lexical features (TF-IDF baseline), in-
dicating the distinction between the existence of
a decodable concept and the presence of an ab-
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Figure 5: Participation ration (PR) against cross-
condition generalisation performance (CCGP) showing
strong negative Pearson correlation r. Arrows show the
flow throughout the models layers.

stract representation. A different pattern emerges
in cross-domain evaluation (section 5). Classifiers
trained on one policy domain generalize strongly
to unseen domains, with performance peaking
in the middle layers and substantially exceeding
the baseline. This functional generalization co-
incides with a marked reduction in the participa-
tion ratio of domain-specific contrast vectors (sec-
tion 6), suggesting that policy-specific ideologi-
cal distinctions become organized within a shared,
low-dimensional subspace. In later layers, cross-
domain performance decreases while participation
ratio rises, consistent with a partial re-expansion
into more domain-specific representations.

Together, these findings indicate that LLMs tran-
siently compress heterogeneous political stances
into a common representational coordinate during
intermediate processing. More broadly, they sup-
port the view that abstraction in LLMs is reflected
in the geometry that allows a representation learned
in one context to transfer to another. This shifts the
interpretability question from locating conceptual
information to characterizing the representational
organization that enables generalization. Political
ideology, in this respect, provides a useful naturalis-
tic test case for examining how LLMs structure di-
verse training data on high-level socially grounded
concepts into coherent conceptual structures.

Limitations

Through the use of analytical methods inspired
by system neuroscience, the findings described
in this paper provide robust evidences of abstract
low-dimensional geometry of political ideology in
LLMs. However, several limitations bind the scope
of this work, while opening directions for future
research.

Correlational Methods A key limitation of this
study resides in the choice of a correlational,
rather than causal, research design. Indeed,
WCP, CCGP, and PR demonstrate that a low-
dimensional, generalised political subspace is sys-
tematically constructed in the tested LLMs’ middle
layers. Yet, these analytical tools do not allow to
draw any causal link between this specific geome-
try and the models’ downstream behavior.

Future works could push toward causal claims
through intervention techniques, such as activation
patching or steering, along the domain contrast
vectors, to verify whether manipulating these axes
directly alters the political stances of the generated
outputs. Further, taking into account the observed
high entanglement of political contrast vectors in
the models’ middle layers, it would be interesting to
study cross-domain steering impacts with respect to
the altered layers, or to research decoupling strate-
gies to allow for more granular, domain-specific
political steering.

Political Simplification Besides the correlational
research design, the experiments rely heavily on
the latent representation induced by stances from
the TwinViews dataset (Fulay et al., 2024), which
comes with conceptual limitations. While the use
of a large-scale set of short political statements
annotated with policy issue tags and representing
opposing political poles, provides a clean method-
ological framework for our experiments, it may
also distort the real nature of the political land-
scape through oversimplification and stereotypical
framing.

First, including only binary political “left-” and
“right-” leaning labels introduces a highly trun-
cated, if not deceptive, representation of ideology.
While such simplifications are necessary for oper-
ationalisation and experimental design, they fail
to reproduce the inherent multi-dimensional na-
ture of politics and convey perspectives that might
misrepresent even highly polarized political land-
scapes. This limitation is partially addressed by
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cross-coding political leaning and policy issue la-
bels in our experimental setting. By doing so, we
consider the “left” and “right” tags primarily as
proxies for ‘support’ and ‘oppose’ labels related
to specific views on each domain. Then, the cross-
domain analyses reveal whether or not the tradi-
tional left/right divide encoded in the dataset di-
rectly resurfaces from LLMs’ activation space.

Second, the use of heavily marked synthetically
generated stances may lead the models to respond
to highly stereotypical formulations of US-centric
partisan views (sample examples of the dataset
stances can be found in Appendix A’s Table 1).
Thus, it would be interesting to replicate the ana-
lytical pipeline using real-world politically loaded
texts, also extending to other horizons than solely
US politics.

Technical Limitations Finally, the scope of the
study is also limited by the granularity used for
analysis and the selection of models.

The representation extraction pipeline is limited
to the residual stream of the model, pooled at the fi-
nal token. While it acts as the information highway
of the model, this coarse level of analysis hinders
more granular conclusions. A complete mecha-
nistic account for model processing of informa-
tion should likely include other units of analysis
(such as multi-layer perceptron sublayers, attention
heads, or circuits), so that it could also isolate the
specific contributions of the different components.

Also, this paper includes results obtained with
standard, widely adopted mid-sized open-weight
LLMs. Yet, the findings cannot be confidently gen-
eralised to the whole pool of available LLMs. Be-
sides the extension to other models of compara-
ble size and architecture, it remains an open ques-
tion how scale or routing paradigms actually affect
the ‘abstraction’ of such concepts. For instance, it
could be hypothesized that larger models possess
the capacity to retain highly nuanced, disentangled
representations of individual policy issue polarisa-
tion throughout their layers.
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A Data Preparation

This section describes the preparation of the ‘do-
main’ labels in subsection A.1, and gives concrete
examples of the political stances included in the
dataset in subsection A.2.

A.1 Policy Issue Domain Labels
The original format contains 1024 unique topics
(spread across the 14K pairs), which tend to be
redundant and lexically noisy. They include same
topics under different formatting (e.g; ‘Climate
Change’, ‘Climate change’, ‘Climate Change Poli-
cies’, ‘Climate change policy’), synonyms and
paraphrases (e.g; ‘Gun Regulations’, ‘Firearm Reg-
ulations’), inconsistent (and sensitive) granularity
(e.g; ‘Education’, ‘Arts in Education’, ...), etc.

To address those, the original labels are merged
into more general categories. This procedure is
done automatically and relies on the clustering of
the textual inputs using BERTopic (Grootendorst,
2022). This unsupervised pass on the data allows
to retrieve a reduced number of clusters (here 52)
based on the inferred topics. The original topic tags
are then hierarchically merged into these categories
while ensuring that none of the original topics are
splitted into different clusters. Finally, only the ten
most common clusters are selected, filtering down
the data to 7886 statements pairs.

The number of stance pairs per grouped domain,
as well as the five most common original domain
tags in the clusters are listed below:

• tax (1070): Taxation (536), Income Inequality
(195), Economy (35), Corporate Taxes (27),
Wealth Inequality (25), ...

• regulation (1043): Government Regulations
(175), Government Regulation (113), Finan-
cial Regulation (93), Environmental Regula-
tions (83), Regulation (77), ...

• education (945): Education (529), Higher Ed-
ucation (170), Education Funding (89), Col-
lege Education (38), Public Education (20),
...

• gun control (900): Gun Control (787), Gun
control (56), Gun Control Measures (11), Gun
Control Laws (9), Gun Rights (7), ...

• energy (791): Renewable Energy (502), En-
ergy (49), Energy Policy (45), Clean Energy
(33), Renewable energy (31), ...

• healthcare (723): Healthcare (637), Univer-
sal Healthcare (27), Healthcare System (12),
Healthcare Systems (7), Healthcare Access
(6), ...

• diversity and inclusion (674): Affirmative
Action (383), Diversity and Inclusion (35),
Social Justice (33), Diversity (32), Affirmative
action (27), ...

• immigration (623): Immigration (548), Im-
migration Reform (65), Immigration Policy
(5), Immigration policy (5), Immigration Poli-
cies (5), ...

• social welfare (588): Social Welfare (171),
Social Programs (127), Welfare (83), Social
Safety Net (71), Social Safety Nets (29), ...

• climate change (509): Climate Change (390),
Environment (79), Climate change (25), En-
vironmental Policy (6), Environmental Issues
(5), ...

Note that while this unsupervised procedure re-
duces noise at the topic-tag level and allows to
reduce it to an analysable amount, it may introduce
additional within-topic noise and group together
statements that may be less directly semantically
consistent compared to the original taxonomy.

A.2 Examples
Randomly selected stances from the dataset for
each policy issue domain and opposing views are
provided in Table 1.

B Computational Details

All computational experiments were executed on
a workstation equipped with two NVIDIA RTX
6000 Ada Generation GPUs, each featuring 48 GB
of VRAM. During the representation extraction
process, models were 8-bit quantized and inference
was run on batches, with 32 samples per batch.
To accommodate varying sequence lengths within
each batch, sequences were dynamically padded to
the maximum length of the batch, with attention
masks applied to ensure padding tokens did not
influence the latent representations of the texts.

C Discussion on Parallelism Score and
Participation Ratio

This section discusses our choice of using the par-
ticipation ratio rather than proper parallelism scores

750



Domain Left-leaning stance Right-leaning stance

climate change Climate change is a serious threat
that requires immediate action to re-
duce carbon emissions.

Climate change is a natural occur-
rence and should not be a major con-
cern.

diversity and inclusion Racial and ethnic diversity should
be embraced and celebrated in all
aspects of society.

Affirmative action is reverse discrim-
ination and undermines the princi-
ples of meritocracy.

education Higher education should be more af-
fordable and accessible to all, with
reduced tuition fees and increased
financial aid.

The free market should drive educa-
tion, and school choice and compe-
tition would lead to better outcomes
for students.

energy The government should invest in re-
newable energy sources to reduce
dependence on fossil fuels.

The market should determine the vi-
ability of renewable energy without
government intervention.

gun control Gun control measures are necessary
to prevent mass shootings and en-
sure public safety.

Gun ownership is a constitutional
right and any regulations infringe
upon that right.

healthcare The government should provide free
or subsidized healthcare for low-
income individuals and families.

Private healthcare system allows for
competitive market and better qual-
ity of care.

immigration Comprehensive immigration reform
is necessary to provide a pathway to
citizenship for undocumented immi-
grants and address the broken immi-
gration system.

Strict immigration policies are nec-
essary to protect jobs and national
security.

regulation Protecting the environment should
be a top priority, even if it means
imposing stricter regulations.

Internet service providers should
have the freedom to offer different
service plans and speeds.

social welfare Social safety net programs are es-
sential to support the most vulnera-
ble members of society and reduce
poverty.

Reducing government intervention
and promoting self-reliance pro-
motes individual responsibility and
economic growth.

tax Higher taxes on the wealthy can help
reduce income inequality.

Lower corporate tax rates stimulate
economic growth and encourage in-
vestment and job creation.

Table 1: Random samples for each of the policy issue domains and opposing views.

in section 6. First, we revisit the original definition
of PS and its relation to the goals of our experi-
ments in subsection C.1. Then we establish the
formal mathematical links between PR and an al-
ternative, mean-based, definition of PS in subsec-
tion C.2.

C.1 Maximum permutation- and mean-
defined parallelism scores

Originally, the parallelism score is defined as a
maximization of cosine similarities over all possi-
ble label permutations (Bernardi et al., 2020). This

definition positions the parallelism score as an ex-
ploratory tool to search for parallel directions.

Formally, this quantity can be expressed as fol-
lows. Let SK be the set of all possible bijective
transformations (permutations) between domain
indices {1, · · · ,K}. Also, consistently with our
notations from Equation 3, let’s define normalised
cross-domain contrast vectors as:

vi→j =
µi,r − µj,l

‖µi,r − µj,l‖
Then, the average cosine similarity between cross-
domain contrast vectors for a given permutation
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σ ∈ SK is:

〈cos θσ〉 =
1

K(K − 1)

K∑

i=1

∑

j 6=i

vi→σ(i) · vj→σ(j)

Based on these definitions, the parallelism score is
defined as the maximised average cosine similarity
across all possible permutations:

PSmax−perm = max
σ∈SK

〈cos θσ〉 . (5)

This permutation-maximisation formulation acts
as a search engine to discover any abstractly rep-
resented variable within the population, without
assuming knowing "the ’correct’ way of pairing up
conditions a priori". However, our experimental
setting is closer to hypothesis testing, with a fixed,
predefined contrast structure. Because the polariza-
tion axes are imposed by the experimental design,
considering the whole set of permutations would
break the data structure and provide less insightful
results to our original research question. Instead,
a stricter setting which tests alignment solely be-
tween the contrast vectors spanned by the different
categories is more meaningful to our hypothesis.

On this basis, a natural candidate would be a
mean-defined parallelism score, computed between
the within-domain coding vectors of each domain
pairs:

PSmean =
1

K(K − 1)

K∑

i=1

∑

j 6=i

vi · vj (6)

However, while PSmean respects the semantic
boundaries of the data domains, it still acts as a
binary-adjacent detector of alignment. It is not
suited to capture global, effective dimensionality
spanned by this polarized latent geometry. Thus,
we decided to focus our analysis on the participa-
tion ratio, which holds strong mathematical ties
with PSmean (denoted simply as PS in the follow-
ing section to ease readability).

C.2 Mathematical relationship between
participation ratio and mean-defined PS

The participation ratio PR (Equation 4) and the
mean-defined parallelism score PS (Equation 6)
have strong mathematical ties. Indeed, we can
show that PR is upper-bounded by an inverse
quadratic function of PS, scaling inversely with
its square (see below, subsubsection C.2.1). Also,
while PR knows no simple lower bound depending

solely on PS (other than the trivial PR ≥ 1), it is
fully characterised as a function of PS and the its
variance σ2

PS, as described in subsubsection C.2.2.

C.2.1 Upper bound PR ≤ h(PS).
Recall that G is the K × K Gram matrix of
the normalised contrast vectors {vi}Ki=1, so that
Gij = vi · vj . As the contrast vectors are nor-
malised, the diagonal elements are Gii = vi · vi =
1 ∀i ∈ {1, · · · ,K}. Thus, Tr(G) = K. Now, let
{λk}Kk=1 be the eigenvalues of G. Since Tr(G) =∑K

k=1 λk, PR from Equation 4 can be written as:

PR =

(∑K
k=1 λk

)2

∑K
k=1 λ

2
k

=
K2

Tr(G2)

Since G is a Gram matrix, symmetric by con-
struction, we have Tr(G2) =

∑
i,j G

2
ij , which

gives:

PR =
K2

∑
i,j G

2
ij

(7)

Now, the denominator can be split between diag-
onal and off-diagonal elements as:

∑

i,j

G2
ij =

K∑

i=1

G2
ii +

∑

i 6=j

G2
ij

= K +
∑

i 6=j

G2
ij

By the Cauchy-Schwarz inequality,
∑

i 6=j G
2
ij is

bounded by:

∑

i 6=j

G2
ij ≥

1

K(K − 1)


∑

i 6=j

Gij




2

which can be expressed in terms of PS (using Equa-
tion 6):

∑

i 6=j

Gij = K(K − 1)PS

Thus,
∑

i 6=j

G2
ij ≥

1

K(K − 1)
(K(K − 1)PS)2

⇔
∑

i 6=j

G2
ij ≥ K(K − 1)PS2

Finally, substituting back into PR definition, an
upper bound of PR is given by:

PR ≤ K

1 + (K − 1)PS2
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Yet, as can be intuitively understood, PR can
reach its theoretical minimum value of 1 (when∑

i,j G
2
ij = K2 ⇒ Gij ∈ [−1, 1]∀i, j), for

any value of PS. Hence, considering only PS-
dependent boundaries, PR is bounded by:

1 ≤ PR ≤ K

1 + (K − 1)PS2
(8)

Nonetheless, by taking into account not only the
first mode of the distribution {Gij}i 6=j (which is
PS), but also its second mode (the variance σ2

PS),
PR can be fully described.

C.2.2 PR(PS, σ2
PS)

PR can be completely expressed in terms of the
mean and variance of the off-diagonal elements of
G, respectively PS and σ2

PS, providing additional
intuition as to how this quantity varies depending
on the distribution of cross-condition contrast vec-
tors’ similarities {Gij}i 6=j .

Indeed, by definition the variance is given by:

σ2
PS =


 1

K(K − 1)

∑

i 6=j

G2
ij


− PS2

⇒
∑

i 6=j

G2
ij = K(K − 1)(σ2

PS + PS2)

Plugging it back into PR formula from Equa-
tion 7, we have:

PR =
K

1 + (K − 1)(σ2
PS + PS2)

(9)

with σ2
PS ≤ 1− PS2 and PS ∈ [−1, 1].

The formula of PR from Equation 9 highlights
that PR decreases both when |PS| or σ2

PS increase
(while keeping the other value constant).

This relation shows, on one hand, that PR
reaches its minimal value of 1 when (σ2

PS+PS2) =
1. This is verified when the variance is maximized
under the PS-constraint (σ2

PS = 1 − PS2), mean-
ing that contrast vectors are highly polarized (some
perfectly parallel, some perfectly antiparallel).

On the other hand, it reaches its maximal value
of PR = K when (σ2

PS + PS2) = 0 ⇒ PS =
0 and σ2

PS = 0, meaning that all contrast vectors
are perfectly orthogonal from one another: vi ·vj =
0 ∀i 6= j.

For additional visual insights, the PR curve as a
function of both PS and its variance is represented
on Figure 6.
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Figure 6: Participation ratio as a function of mean par-
allelism score and its variance.

D Detailed Results

This section provides detailed results for the differ-
ent experiments and metrics used in the core of the
paper.

The subsection D.1 presents domain-specific per-
formance, related to the calculation of both WCP
and CCGP.

The subsection D.2 showcases similarity scores
between domains’ contrast vectors, used in the
computation of PR.

D.1 Cross-condition performance

The detailed cross-condition performance for the
TF-IDF comparison baseline is shown in Figure 7.

The detailed matrices of cross-condition
performance across layers for Llama-3.1-8B,
Llama-3.1-8B-Instruct, and OLMo-2-1124-7B-
Instruct are displayed respectively in Figure 8,
Figure 9, Figure 10.

Note that the diagonal elements of the dis-
played matrices are within-domain accuracy. Con-
trary to off-diagonal elements that are cross-
domain performance evaluated on the whole set
of domain-constrained evaluation data, the perfor-
mance within domain is the average of the accuracy
obtained on the holdout samples of cross-validated
folds. This methodological difference is highli-
hgted on the plots through hatches on the diagonal
within-domain scores.

D.2 Particiation ratio (PR)

The detailed Gram matrices of contrast vectors’
similarities (used to compute PR) across lay-
ers for Llama-3.1-8B, Llama-3.1-8B-Instruct,
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Figure 7: Detailed cross-domain accuracy for the TF-
IDF model.

and OLMo-2-1124-7B-Instruct are displayed re-
spectively in Figure 11, Figure 12, Figure 13.
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Figure 8: Detailed cross-domain accuracy across layers for Llama-3.1-8B. Off-diagonal, cross-domain performance
are evaluated on the entirety of the test domain data, hatched diagonal elements disclose within domain performance
evaluated on 20% uphold samples.
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Figure 9: Detailed cross-domain accuracy across layers for Llama-3.1-8B-Instruct. Off-diagonal, cross-domain
performance are evaluated on the entirety of the test domain data, hatched diagonal elements disclose within domain
performance evaluated on 20% uphold samples.
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Figure 10: Detailed cross-domain accuracy across layers for OLMo-2-1124-7B-Instruct. Off-diagonal, cross-domain
performance are evaluated on the entirety of the test domain data, hatched diagonal elements disclose within domain
performance evaluated on 20% uphold samples.
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Figure 11: Detailed contrast vectors cosine similarities across layers for Llama-3.1-8B.
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Figure 12: Detailed contrast vectors cosine similarities across layers for Llama-3.1-8B-Instruct.
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Figure 13: Detailed contrast vectors cosine similarities across layers for OLMo-2-1124-7B-Instruct.
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