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Abstract
Studies of LLMs’ political opinions mainly evaluate their
open-ended responses. Recent work indicates misalignment
between LLMs responses and their internal intentions. This
motivates us to probe LLMs’ internal mechanisms and un-
cover their internal political states. Additionally, analysis of
LLMs’ political opinions often relies on single-axis con-
cepts, which can lead to concept confounds. Our work ex-
tends this to multi-dimensions and applies interpretable tech-
niques for more transparent LLM political concept learning.
Specifically, we designed a four-dimensional political learn-
ing framework and constructed a corresponding dataset for
fine-grained political concept vector learning. These vectors
can detect and intervene in LLM internals. Experiments are
conducted on eight open-source LLMs with three representa-
tion engineering techniques. Results show these vectors can
disentangle political concept confounds. Detection tasks vali-
date the semantic meaning of the vectors and show good gen-
eralization and robustness in OOD settings. Intervention ex-
periments show that these vectors can implicitly intervene in
LLMs, generating responses with targeted political leanings.
These insights reveal the need for more transparent auditing
for future AI governance.

Code — https://github.com/FairXAI/LLM8ValuesProbing
Appendix — https://arxiv.org/abs/2506.04774

Introduction
Despite the success of large language models (LLMs) in
many fields and tasks, there is growing public concern about
the ethical implications of LLMs. Many studies show that
LLMs can replicate and even amplify societal biases (Ben-
der et al. 2021; Wan et al. 2023). Studies have revealed that
LLMs exhibit systematic political biases and have attempted
to evaluate and correct them (Rozado 2024; Piao et al. 2025;
Motoki, Pinho Neto, and Rodrigues 2024). PoliTune (Agiza,
Mostagir, and Reda 2024) fine-tuned two LLMs with oppos-
ing political preferences via left-leaning and right-leaning
data. It indicates that LLMs internal parameters are highly
sensitive to data selection with different viewpoints, and can
be manipulated through data to favour a particular stance.

Nevertheless, these strategies still treat LLMs as black
boxes, assessing their explicit political bias via generated
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outputs while neglecting the potential bias in internal inten-
tions. Marks et al. (2025) show that LLMs can appear to
achieve the intended objectives while their hidden intentions
remain misaligned. If such misalignment contains implicit
hidden biases, those biases can subtly influence users’ opin-
ions (Ju et al. 2025; Potter et al. 2024). This motivates us to
explore LLMs’ internal mechanisms to understand how dif-
ferent political leanings emerge and change within LLMs.

Recent work on LLMs’ interpretability indicates the pos-
sibility of understanding and steering LLM behaviours by
learning their internal feature representations (Turner et al.
2023a; Panickssery et al. 2023). Representation engineering
aims to train concept vectors from LLM hidden states and
use these vectors to detect and intervene in LLM internal be-
haviors. Although LLMs interpretable representation learn-
ing has been widely discussed across many fields, it remains
largely unexplored in politics—a domain that can directly
affect high-stakes policy decisions and embed ideological
biases. To improve LLMs transparency in politics. this paper
aims to introduce a systematic exploration of LLMs’ internal
political concepts via representation engineering techniques.

Meanwhile, there is a unique challenge in LLMs’ politi-
cal discussions different from other domains: most current
work operates on political datasets within a single left-right
axis, however, in real political scenarios, the boundary be-
tween left and right can be subtle, which can lead to con-
ceptual confounds between ‘left’ and ‘right’. The example
from (The Political Compass 2001) notes that France’s Na-
tional Front, popularly described as ‘far right’, actually sup-
ports left-leaning economic policies. Some recent work has
tried to include a second axis to supplement the left-right
spectrum; however, the essential issue remains unaddressed:
what exactly do ‘left’ and ‘right’ concepts mean? Due to
cultural differences, definitions of left and right are not as
clear as physiological concepts like gender or age. The ‘left
is right’ phenomenon (Wojcik, Cislak, and Schmidt 2021)
can cause unconscious concept confounds. Since LLMs are
pre-trained on real-world data, they can face similar incon-
sistencies that misassociate right-leaning concepts with left-
leaning ones (Figure 1).

To disentangle these conceptual confounds and enhance
transparency in LLMs’ political learning, our work proposes
a fine-grained political learning framework with mechanistic
interpretability techniques. The designed framework enables

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

38570



Market

Authority

Equality

NationTradition

Progress

Liberty Globe

2

0

-2

-4
-4 0 4

1

-1

-3

-2 2

Figure 1: An Example of Left-Right Concept Confounds
(PCA, Llama3-8b, Layer=20), where blue tones refer to left-
leaning concepts and red tones represent right-leaning con-
cepts. The right-leaning economic ‘Market’ concept is more
mixed with the left-leaning civil ‘Liberty’ concept.

learning, detection, and intervention in LLMs’ internal opin-
ions with disentangled political concept vectors. The contri-
butions can be summarized in three folds:
• We proposed a fine-grained political framework and ex-

tended the single-axis political analysis to four dimen-
sions and constructed the corresponding fine-grained po-
litical dataset to mitigate political concept confounds.

• Based on the designed framework, we applied rep-
resentation engineering techniques to learn disentan-
gled political concept vectors from LLM internals. The
experiments were conducted across eight open-source
LLMs using three interpretable representation engineer-
ing methods.

• We evaluated the effectiveness of these concept vec-
tors on LLM internals detection and intervention tasks.
The results show that these vectors achieved strong de-
tection performance in both in-distribution and out-of-
distribution settings. Moreover, these vectors can suc-
cessfully intervene in LLM outputs to generate state-
ments with different political leanings.

Methodology
Our object is to learn, detect and intervene LLMs internal
political opinions in a fine-grained way. The following out-
lines our designed fine-grained framework, LLM basics, and
methods to learn, detect, and intervene in LLMs’ internals.

Fine-grained Political Framework Figure 2 shows the
proposed fine-grained framework. The four dimensional
left and right stances are based on the Eight Values
scheme (IDRlabs 2017). We further introduce a dimen-
sion set (Dim), concept set (C), and topic set (T ) to re-
fine the framework and construct fine-grained data. Specif-
ically, Dim refers to a fine-grained four-dimension set
(Economic, Diplomatic, Civil, and Society) written as
Dim={eco, dip, civil, soc}. For each dimension d ∈ Dim,
its concepts set Cd = {Cd

L, C
d
R} refers to the left-leaning

and right-leaning definitions within d. The topics set T d =
{T d

t }mt=1refers to m themes related to dimension d. Our

constructed dataset covers all dimensions and is denoted as
D = {Deco ∪Ddip ∪Dcivil ∪Dsoc}. Each constituent set
Dd ⊆ D contains both left-leaning statements Sd

L and right-
leaning statements Sd

R within dimension d. Specifically, each
left- or right-leaning statement combines the corresponding
left-leaning concept Cd

L or right-leaning concept Cd
R with

the given topic T d
t , which reflects different political learn-

ing statements on the given dimension and topic. Here ⊙
refers to the combination of the concept and topic. The im-
plementation details can be found in the Appendix C1.

Dd = {Sd
L,t, S

d
R,t}mt=1, S

d
L,t = Cd

L⊙T d
t , S

d
R,t = Cd

R⊙T d
t . (1)

LLMs Layer-wise Forward Pass LLMs response process
can be intuitively viewed as applying a pre-trained neural
network f that maps the initial sentence (prompt) to a distri-
bution over the collection of possible choices for the next
token, then extends the sentence autoregressively to form
the response (Duetting et al. 2024; Chatzi et al. 2024). The
common architecture of f is a decoder-only transformer pre-
trained on massive data. Specifically, f consists of n layers
for representation inference. These layers ℓ ∈ {1, . . . , n}
share a similar structure, including a multi-head attention
block MHAℓ and a feed-forward network block FFNℓ.
Given hℓ

s as the hidden representation of a token sequence
s at layer ℓ, the hidden representation at the next layer hℓ+1

s
is calculated as follows.

hℓ+1
s = hℓ

s +MHAℓ
(
hℓ
s

)
+ FFNℓ

(
hℓ
s +MHAℓ(hℓ

s)
)
. (2)

The forward pass of f(s) processes embeddings through
layers, then transforms and normalizes the final layer hn

s
back to vocabulary V to get the next token distribution.

Political Concept Vector Learning Representation linear
hypothesis (Park, Choe, and Veitch 2023; Elhage et al. 2022)
suggests that concepts are encoded linearly within model
representations. Consequently, representations-based meth-
ods are proposed to learn a concept vector u⃗ ℓ that captures
the underlying LLM’s conceptual information. We imple-
ment three common vector-learning methods, CAA (Pan-
ickssery et al. 2023), RepE (Vogel 2024; Zou et al. 2023),
and Linear Probing (Ousidhoum et al. 2021), and adapt
them within our designed fine-grained framework for vec-
tor learning to avoid political concept confounds.

Both CAA and RepE learn concept vectors through pairs
of contrastive statements. For each contrastive pair (SL, SR)
on topic T d

t of dimension d, we denote its corresponding
left-leaning statement as SL and the right-leaning statement
as SR, where we assign SL := Sd

L,t and SR := Sd
R,t. Intu-

itively, the hidden representations difference between these
two Diff(hℓ

SL
, hℓ

SR
) captures how the LLM distinguishes the

‘left’ and ‘right’ at ℓ-th layer.
CAA calculates the embeddings difference for each con-

trastive pair (SL, SR), and takes the weighted mean of these
differences as a concept vector u⃗ℓ, where

u⃗ ℓ =
∑

SL∈Dd

h ℓ
SL

|Dd|
−

∑
SR∈Dd

h ℓ
SR

|Dd|
. (3)
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Figure 2: The Proposed Fine-grained Political Learning Within LLMs’ Internal States

Figure 3: An Illustration of Constructing Left-leaning and Right-leaning Statements at Economic Dimension

RepE takes the first principal component of the
dimension-reduced hidden representations across all con-
trastive pairs as u⃗ℓ. Dimensionality reduction can be either
PCA-based or UMAP-based. Here we apply PCA and take
the first principal component wPCA (i.e., the unit vector that
captures the largest variance along that direction) as u⃗ ℓ (Wu
et al. 2025). Unless otherwise specified, we set the default
positive direction of u⃗ℓ to present left-leaning concept CL,
and its opposite as right-leaning concept CR.

Linear probing learns the u⃗ ℓ through supervised learning.
For every statement S ∈ Dd, its representation hℓ

S is set as
the input, and its political leaning (left/right) is set as the
label YS . We apply the widely used logistic regression with
L2 regularization as the probing classifier (Kantamneni et al.
2025). The normalized weight wℓ

c is considered as the cor-
responding concept vector.

min
wℓ

c

{ 1

|hℓ|
∑

hℓ
S
∈hℓ

LBCE

(
YS ,

(
1 + exp(−wℓ

c

⊤
hℓ
S)
)−1

)
}. (4)

Detection and Intervention The learned vector u⃗ ℓ is used
to detect and to intervene in the LLM’s internal political
opinion. For detection, RepE and CAA are based on the
direction of the dot product between the test data and the
learned concept vector. Linear probing predicts the class of
test data by applying the sigmoid function to the linear com-
bination of the test data and the learned weights, plus a bias
term. For intervention, the learned vector(s) are added to the
original representations at the certain layer(s) and let the for-
ward pass proceed to obtain the steered output. A vector to
be added can be scaled by a strength coefficient α, which de-
termines how strongly we push the LLM towards the target
political concept. The intervened representation at the ℓ-th
layer is denoted as hℓ

Intervene = hℓ
s + α u⃗ ℓ.

Experiments and Discussions
The results section covers discussions of LLMs’ political
learning, detection, and intervention, and is expected to ad-
dress the following three research questions (RQs).

• RQ1: Disentangle political concept confounds. Can
our designed fine-grained hierarchy disentangle political
concept confounds in LLMs’ internals?

• RQ2: Detection ability of political concept vectors.
Are our disentangled political concept vectors seman-
tically meaningful and effective, and able to detect the
LLMs‘ internal information?

• RQ3: Intervention ability on LLMs. Are our disentan-
gled political concept vectors able to intervene in LLMs’
internals and ultimately steer LLMs’ responses to reflect
different political leanings?

Experiment Setups
The experiments of the designed framework are under eight
open-source LLMs of different sizes (1B, 3B, 4B, 7B,
8B) from four model families: Meta-Llama (Llama3-1B,
Llama3-3B, Llama3-8B) (Grattafiori et al. 2024), Gemma
(Team et al. 2025) (Gemma-1B, Gemma-7B), Mistral (Jiang
et al. 2023) (Mistral-7B), and Qwen (Yang et al. 2025)
(Qwen3-4B, Qwen3-8B). We follow the workflow in Figure
3 to construct a fine-grained dataset D. Each dimensional
dataset D ∈ D is divided into training data Dtrain and testing
data Dtest. The implementation details can be found in the
Appendix.
RQ1 presents the representation differences of left-right
concepts in each dimension’s data and trains fine-grained
concept vectors using the corresponding Dtrain. RQ2 applies
the trained vectors to detect the corresponding concepts to
verify their effectiveness. The evaluations include both in-
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Figure 4: Representations at Different Layers of LLMs (Blue=left-leaning, Red=right-leaning). The first three subplots are
visualizations at ℓ = {10, 20, 30} of Llama3-8b; the fourth is at ℓ=21 of Llama3-3b; the fifth is at ℓ=20 of Mistral-7b.

Probing Similarity Comparison at Layer 8 and Layer 28 RepE Similarity Comparison at Layer 8 and Layer 28

① ② ③ ④ ① ② ③ ④ ① ② ③ ④ ① ② ③ ④

①

②

③

④

Figure 5: Concept Vector Correlation Analysis at ℓ = {8, 28} on Llama3-8B, where ➀ Left – Liberty, ➁ Left – Progress, ➂
Right – Authority, ➃ Right – Tradition. Concept vectors are learned with Linear Probing and RepE.

distribution and out-of-distribution (OOD) test data. The in-
distribution data refers to the held-out Dtest, and OOD data is
based on question statements from the political tests of the
Eight Values Questionnaire (IDRlabs 2017) and RateYour-
Bias (Allsides 2012). Figure 6 compares the distributional
differences among Dtrain, Dtest, and OOD data along the first
two principal components of a PCA performed on Llama3-
8B embeddings1 at layer ℓ = 16. RQ3 intervenes in LLMs’
internal representation using trained vectors and compares
the variations in LLM outputs under distribution shifts.

Figure 6: Data Distribution Comparisons Among In-
distribution Dtrain, Dtest and Out-of-distribution (OOD) Data

1To ensure comparability, this visualization is based on the bal-
anced data setting, with each containing 100 samples selected using
the random seed of 42.

RQ1: Disentangle Political Concept Confounds
We first compare the representations of political concept
vectors to confirm their differences within LLM layers, and
then perform correlation analysis to validate the effective-
ness of the concept disentanglement in our method.

Hidden Representations Comparison Figure 4 visu-
alises embedding comparisons of economic lean left and
lean right statements across different layers in Llama and
Mistral models. Overall, embeddings from left and right
sides show limited differences in early layers (with their rep-
resentations almost overlapping), but as representations are
passed layer by layer, their distributions become increas-
ingly differentiated. The reflects concepts become particu-
larly pronounced after the middle layers. Similar phenom-
ena are observed across other model families. The intuition
behind this is that embeddings encode increasingly com-
plex information as they are passed through each layer. We
further compared LLMs from the same model family but
with different sizes, and found larger LLM (Llama-3-8B)
reveals clearer distinctions than the smaller one (Llama-3-
3B). It aligns with the previous discussion in LLMs’ linear
structure (Marks and Tegmark 2023). These findings con-
firm that LLMs internal representations encode different po-
litical concepts, therefore corresponding concept vectors can
be learned from these representations.

Correlation Analysis Fine-grained political concept vec-
tors are learned through three proposed techniques (CAA,
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Llama3-1B Llama3-3B Llama3-8B Gemma-1B Gemma-7B Qwen3-4B Qwen3-8B Mistral-7B
CAAmean 0.7466 0.7425 0.9229 0.6437 0.8724 0.8078 0.9154 0.8946
CAAvar 0.0081 0.0071 0.0038 0.0312 0.0051 0.0070 0.0038 0.0039
RepEmean 0.5298 0.5312 0.8434 0.5029 0.6597 0.6126 0.8382 0.5438
RepEvar 0.0005 0.0006 0.0045 0.0001 0.0361 0.0018 0.0058 0.0008
Probmean 0.9282 0.9452 0.9646 0.9176 0.9491 0.9471 0.9604 0.9502
Probvar 0.0019 0.0015 0.0012 0.0025 0.0010 0.0011 0.0008 0.0013

Table 1: Mean and Variance of Detection Performance for CAA, RepE, and Linear Probing

Probing Accuracy across Layers (Train Data) Probing Accuracy across Layers (Test Data) Probing Accuracy across Layers (Different Prompts)

Ac
cu

ra
cy

Layer

Figure 7: Detection Performance of Linear Probing Across Layers in Llama3-8B. (First two) Performance on Dtrain and Dtest
across four dimensions. (Third) Ablation study of performance with three different prompt templates on out-of-distribution test
data in economic dimension.

RepE, and Linear Probing), using the internal representa-
tions of LLMs. After obtaining these vectors, the next step
is to explore whether these learned concept vectors can truly
disentangle concept confounds. We answer this via the cor-
relation analysis among vectors. Figure 5 gives an instance
of vector correlations in Llama3-8B; the full correlation
heatmap of RepE-based vectors can be found in Appendix.
From the results, concept vectors exhibit cross-dimensional
correlations in the early layers: (1) Some show consistent
correlations, like positive correlations between left-leaning
opinions of ‘society-tradition’ and ‘civil-authority’. This
aligns with the intuition that fine-grained concepts can also
capture some higher-level left- and right-leaning meaning.
(2) However, there also emerge left and right concept con-
founds. As RepE vectors correlations(ℓ = 8) in Figure 5
show, left-leaning (equality in the economic dimension) and
right-leaning (authority in the civil dimension) vectors ex-
hibit a strong positive correlation of 0.85. These confounds
can hinder the accuracy of the learned left-right concept vec-
tors and indicate the necessity of disentanglement.

As the correlations in the 28th layer show, our method
can identify this distinction and gradually disentangle these
confounds in deeper layers. These fine-grained concept vec-
tors exhibit strong within-dimension correlations while re-
maining distinct from concepts across dimensions. The pre-
viously confounded concepts have been disentangled and
now show a negative correlation (-0.17). Overall, the corre-
lation heatmap reveals the emergence of concept confounds
inside LLM internals, and our method can disentangle these
concepts as representations pass forward to later layers.

RQ2: Detection Ability of Political Concept Vectors
After confirming that the learned concepts are disentan-
gled, our next question is whether these vectors can cap-
ture semantic meanings and perform better compared to

vectors without disentanglement. Our experiments include
political concept detections on in-distribution (ID), out-of-
distribution (OOD) data, and ablation study.

Detection on In-Distribution Data Table 1 compares the
prediction performance of three vector learning methods on
eight LLMs. For each method, we report the mean and vari-
ance of the best performance across all dimensions and all
layers of the given LLM. Dimensional performance is re-
ported in the Appendix D. We note that linear probing ex-
hibits consistently strong prediction ability across all models
and all dimensions, and CAA demonstrates effective predic-
tive ability. RepE performs the flattest among the three meth-
ods. Similar findings are reported (Wu et al. 2025), and it is
explained that, as an unsupervised method, RepE has limi-
tations when applied to prediction tasks. Still, RepE-based
concept vectors include meaningful information and can be
applied to other tasks like intervention. We then pick the
best-performing linear probing method to explore its clas-
sification performance across all layers and all dimensions.
Figure 7 shows the linear-probing training and testing per-
formance. The detection ability of linear probing begins to
show significant improvement from the fifth layer onward.
From the middle layers, linear-probing achieves high pre-
dictive performance in both the test and train data.

Detection on Out-of-Distribution Data Despite the
promising predictive performance on in-distribution data,
we found that linear-probing vectors learned directly on
the left–right axis (without considering dimensions, and can
contain concept confounds) can also achieve seemingly de-
cent results. This motivates us to further explore the unique
advantages of our fine-grained vectors. We performed exper-
iments on OOD data, and the baseline is set as the concept
vectors trained on the left–right single-axis.

Figure 8 compares the performance of our methods with
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Figure 8: Detection Performance Comparison on OOD Data Between Our Fine-Grained Probes [Rows 1-4] and Coarse-grained
Baseline [Row 5] on Llama3-8B Across Different Layers. (Left) Dimensional evaluation: our probes are evaluated on correspond-
ing dimension, while the baseline shows the average performance across all dimensions. (Right) Global evaluation: both our
probes and the baseline are evaluated on the entire OOD dataset. Full layer comparisons can be found in Appendix.

Early Layer
Intervention

Middle Layer 
Intervention

Late Layer 
Intervention

Steer at Layer 3,
vis at Layer 26 

Steer at Layer 10,
vis at Layer 26 

Steer at Layer 25,
vis at Layer 26 

Steer at Layer 15,
vis at Layer 16 

Steer at Layer 15,
vis at Layer 30 

Steer at Layer 15,
vis at Layer 30 

Figure 9: Distribution Shift on Single Layer Intervention. (Left Three) Intervened at different layers i = {3, 10, 25} and
visualized at the fixed layer j = 26. (Right Three) Intervened at a fixed layer i = 15 and visualized at layers j = {16, 30}.

the baseline on OOD data. The results show that the base-
line’s effectiveness decreases on the OOD dataset, whereas
our linear probing maintains high accuracy. This suggests
that our disentangled concept vectors can capture finer-
grained semantic distinctions of ‘left’ and ‘right’ lean-
ing, enabling them to detect subtle differences, extract the
LLMs’ internal information more accurately, and generalise
to more diverse data distributions.

Ablation Study To further study the robustness of the
learned vectors, we performed the ablation study by grad-
ually augmenting the Base with different prompt modules
P0, P1, and P2 to form prompt templates. Here Base refers
to each left/right-leaning statement from the economic OOD
dataset. The prompt example is shown in the box below.

P0 Guess the opinion leaning

P1 from Economic [EQUALITY], [MARKET].

Base [Left-leaning Example] The wealthy should be
taxed at higher rates. Progressive wealth taxes and tar-
geted redistribution can narrow the income gap.

Base [Right-leaning Example] People who have be-
come wealthy often did so by taking on greater risks. We
should not burden the wealthy with unfairly high taxes.

P2 The leaning is

The third subplot of Figure 7 shows the prediction perfor-
mance of linear probing across layers under different tem-
plates. Overall, the probes maintain robust detection ability

from the mid-layers onward. Among them, prompt P2 con-
tributes most to the performance improvement. We assume
this is because P2 provides a contextual structure, reduces
ambiguity in the representation, and guides LLMs to gener-
ate the subsequent political learning label.

RQ3: Intervention Ability on LLMs
The above results demonstrate the effectiveness of our
learned political concept vectors on the detection task. We
now investigate whether these vectors can be used to in-
tervene in LLMs, thereby influencing the models output.
Specifically, we employ learned political concept vectors to
intervene at different layers of LLMs and explore how such
interventions affect the models’ representation distributions,
tokens, and final generated sentences. Given the many pos-
sible locations for intervention, we divided experiments into
single-layer and multi-layer interventions.

Single Layer Intervention Given a n-layer LLM, we ap-
ply the intervention at layer i and visualize representations at
layer j (1 ≤ i ≤ j ≤ n) to explore the distribution shift. The
experiments are under left-leaning intervention to the eco-
nomic dataset in Llama3-8B, where blue ones correspond to
economic left-leaning (equality) and red ones refer to eco-
nomic right-leaning (market).

Fixed Visualization Layer We first fix a particular layer
j for visualization, and investigate how interventions at dif-
ferent preceding layers i affect representation distributions
at layer j, compared to the distribution without intervention.
As Figure 9 shows, intervening at either very early or very
late layers can cause the representations to deviate exces-
sively from their original distribution, or, conversely, result
in only minimal changes. Interventions at intermediate lay-
ers achieve the most desired results.
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Figure 10: LogitLens Visualization on Mistral-7B from Layer 25 to 32: Layerwise Top-5 Next-Token Candidates for an Input
Discussing Taxing the Wealthy. Subplots from left to right: hidden states with left-leaning intervention (αL = 2), original hidden
states, hidden states with right-leaning intervention (αR = 2).

Fixed Intervention Layer Based on the finding that inter-
ventions at intermediate layers are most effective, we further
fixed intervention layer i = 15 and tracked distribution vari-
ations in following visualization layer j. The results show
that left-leaning intervention shifts both left and right data
distributions. As representations propagate through layers,
both intervened distributions move toward the original left
distribution (blue area), demonstrating that the intervention
successfully changes LLM internals in the target direction.
More detailed discussions are in the Appendix.

Multiple Layers Intervention After comparing the ef-
fects of single-layer interventions, we further explore the
results of applying interventions across multiple layers. The
targeting intervention layers are from 15 to 25. We first anal-
yse how these interventions steer the LLM’s next-token gen-
eration, then examine their influence on LLM’s response.

Intervention on Next Token Generation LogitLens is
used to unembed the representation and show the tokens
most likely to be predicted next given the representation.
We extracted the top five most likely tokens at each layer
as the LLM’s internal ‘intention’ on the given statement,
and compared their variations. Figure 10 shows the token
candidates when asking LLMs how they think about the
statement ‘taxes should be increased on the rich to provide
for the poor’ in terms of positive or negative social impact.
The model’s response without intervention is more likely
to be positive, which aligns with previous research showing
that LLMs tend to be left-leaning. When we applied a left-
leaning intervention, positive intentions were strengthened,
and related left-leaning terms appeared. When applying a
right-leaning intervention, we found that LLMs’ intentions
regarding the given statement were steered toward the neg-
ative. However, these intentions were overridden in the last
two layers, changing from ‘negative’ to ‘subject’. The ‘sub-
ject’ token can lead the model to generate output like ‘This is
a subjective question, and I can’t provide an answer’. These
findings confirm the effectiveness of using concept vectors
to intervene in LLMs’ next token generation, and also reveal
that sometimes LLMs’ final outputs do not reflect their in-
ternal states, the expressed opinions are not necessarily the
LLMs’ internal intentions.

Intervention on Response Generation We further dis-
cuss the impact of the intervention on generating the re-

sponse (i.e., multiple next tokens). The result below com-
pares the opinion responses of Mistral-7B to a question
on the legitimacy of wealth inheritance (the question from
EightValues questionnaire) before and after the RepE-based
intervention. The responses are under three conditions—no
intervention, left-leaning, and right-leaning intervention.

[ Question Prompt ] How do you think inheritance is a
legitimate form of wealth?

- Baseline (Without Intervention) ...while some ar-
gue that it perpetuates inequality and undermines social
mobility, others see it as a natural right and a way to pre-
serve family legacies.

- Left-leaning Intervention (αL = 1.5) I would
challenge that statement...it’s not necessarily a ‘legiti-
mate’ form of wealth in the sense that it doesn’t inher-
ently reflect one’s personal effort or value to society.

- Right-leaning Intervention (αR = 1.5) ...while I
support the idea that inheritance can be a valuable way
for individuals and families believe in supporting my
viewpoint as it supports the belief that everyone should
have access to financial resources and think that it’s im-
portant to respect the opinion of others.

- Right-leaning Intervention (αR = 2) That’s ab-
solutely right! Inheritance can be a fantastic way to pass
on assets and values from one generation to another, pro-
viding financial security and stability...

- Right-leaning Over Intervention (αR = 2.5) be-
lieve that support strongly believe that think also under-
stand that would like to suggest that agree with the view
that believe that support fully support agree agree

The overall results align with intuition: under the left in-
tervention, the answer shifts toward discussing the poten-
tial negative impact of inheritance, as an economically left-
leaning opinion is equality-based and more in favor of re-
distributing property. Right-leaning interventions make the
answer supportive of inheritance, as economically right-
leaning opinions are market-oriented and prefer wealth ac-
cumulation. The intervention strength α determines how far
the output shifts: with a well-calibrated α, the vectors can
steer LLMs’ opinions implicitly; when α is relatively low
(e.g., αR=1.5), the leaning of the answer is steered yet still
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Methods Interpretability Disentangled Dimensions Topics Collected Data size
(Röttger et al. 2024) Prompt-based × × 2 6 –

(Agiza, Mostagir, and Reda 2024) DPO Fine-tuning × × 2 – ∼5K
(Kim, Evans, and Schein 2025) Probing ✓ × 1 9 ∼500

(Ours) Probing, CAA, RepE ✓ ✓ 4 17 ∼10K

Table 2: The Comparison of Recent Related Work on LLMs Political Opinions, where ‘–’ refers to not applicable

mentions concerns; when α is too high (e.g., αR=2.5), the
response remains steered but the sentences become less co-
herent and lack readability.

Related Work
Interpretable Representation Engineering in LLMs
Studies on LLMs’ representation learning show that each
layer’s internal representations encode rich information like
semantic content and concepts (Gurnee and Tegmark 2023;
Li et al. 2023; Jin et al. 2025b). Many related methods have
been proposed to learn a set of concept vectors that can be
used to detect and intervene in LLM internal states (Li et al.
2023; Huang and Wang 2025; Zhao et al. 2024; Chu et al.
2024; Ousidhoum et al. 2021; Belinkov 2022). Detection lo-
cates the emergency of the desired information in LLMs’
internals, and has been discussed in many tasks, includ-
ing detecting LLMs’ hallucination (Ji et al. 2024), decep-
tion (Goldowsky-Dill et al. 2025), and fact-checking ability
(Marks and Tegmark 2023; He et al. 2024). Intervention is
related to activation steering (Turner et al. 2023a), which in-
jects learned vectors back into LLM internals during its for-
ward pass at certain layer(s). (Dathathri et al. 2019; Subra-
mani, Suresh, and Peters 2022) have shown this intervention
can steer LLMs’ internal states and guide LLMs to generate
desired responses. The intervention quality is generally eval-
uated by designed metrics based on user experience, LLM-
as-a-Judge score, or variations in output token logits score
(Pres et al. 2024; Turner et al. 2023b). Related discussions
on steering include many aspects like psychology (Tak et al.
2025), safety (Ball, Kreuter, and Panickssery 2024; Xu et al.
2024), interactive applications (Turner et al. 2023a), unified
framework (Bhalla et al. 2024; Wu et al. 2024; Im and Li
2025). Our work aims to apply these techniques to LLMs’
political states discussions, where interpretability remains
largely unexplored.

Political Bias Impact and Mitigations in LLMs
LLMs can replicate and amplify social and political biases
(Bender et al. 2021; Hu, Liu, and Du 2024; Tan and Lee
2025; Salnikov et al. 2025). (Rozado 2024) finds that GPT
models lean towards the political left. (Motoki, Pinho Neto,
and Rodrigues 2024) further reveals that LLMs show that
LLMs show systematic bias in favor of certain political par-
ties. (Piao et al. 2025; Potter et al. 2024) discussed the
social impact of such political biases. (Bernardelle et al.
2025; Lunardi, La Barbera, and Roitero 2024) applied quan-
tifiable metrics to discuss the political distribution shift of
LLMs. (Agiza, Mostagir, and Reda 2024; Paschalides, Pal-
lis, and Dikaiakos 2025) proposed methods to mitigate po-
litical bias. Still, these discussions often explicitly evalu-

ate LLMs’ bias, (Kim, Evans, and Schein 2025) is the only
work that attempts to probe LLMs’ political concepts, but
like other studies, it collects data with coarse single-axis
left-right leans to align with mainstream party positions,
and overlooks potential concept confounds. It lacks a fine-
grained discussion on LLMs’ internal political concepts’
emergence and how to make intervention transparent. Table
2 compares our work and recent related work.

Conclusion
Most work on LLM politics is based on a single-axis left-
right political spectrum, and there is a lack of discussion
of the internal mechanisms by which political opinions are
formed within LLMs. To bridge this gap, our work intro-
duces a fine-grained political representation learning frame-
work to learn, interpret, and steer LLMs internals. The ex-
periments confirm that our method can capture political con-
cepts and differentiate their subtle differences in LLMs’ in-
ternals. The concept vectors can steer LLMs to generate re-
sponses with targeted stances, an undetectable intervention
that can subtly shape users’ political views. To avoid misuse
by those pursuing political interests, we call for detailed AI
governance regulations to enhance LLM transparency and
controllability. Helpful directions for future work could in-
clude extending interpretable political learning to LLMs’
reasoning tasks (Jin et al. 2025a; Yu et al. 2025), defining
metrics to evaluate LLMs’ political bias (Vo et al. 2025),
comparing political preferences of LLMs developed in dif-
ferent countries, and exploring interventions through apply-
ing multiple concept vectors.
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