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Abstract

Fine-tuning Large Language Models on a polit-
ical topic will significantly manipulate their
political stance on various issues and unin-
tentionally affect their stance on broad top-
ics. While previous studies have investigated
this issue, there is still a lack of understand-
ing regarding the internal representations of
these stances and the mechanisms that lead
to unintended cross-topic generalization. In
this paper, we systematically explore the inter-
nal mechanisms underlying this phenomenon
from a neuron-level perspective and how to
mitigate the cross-topic generalization of polit-
ical fine-tuning. Firstly, we propose Political
Neuron Localization through Activation Con-
trasting (PNLAC) to identify two distinct types
of political neurons: general political neurons,
which govern stance across multiple political
topics, and topic-specific neurons that affect
the model’s political stance on individual top-
ics. We find that these political neuron types
exist in the middle and later layers across four
models and datasets through activation patch-
ing experiments. Leveraging these insights,
we introduce InhibitFT, an inhibition-based
fine-tuning method that effectively mitigates
the cross-topic stance generalization. Experi-
mental results demonstrate the robustness of
the identified neuron types across various mod-
els and datasets and show that InhibitFT sig-
nificantly reduces the cross-topic stance gen-
eralization by 20% on average while preserv-
ing topic-specific performance. Moreover, we
demonstrate that selectively inhibiting only 5%
of neurons is sufficient to effectively mitigate
the cross-topic stance generalization.

1 Introduction

The remarkable capabilities of Large Language
Models (LLMs) in natural language processing
and their broad applicability have established them

*Equal contribution.
†Corresponding authors.

as essential tools for open-ended text generation
tasks (Su et al., 2023b,a; Yang et al., 2024b; Zhang
et al., 2024; Zanotto and Aroyehun, 2025; Yao
et al., 2025a), as well as a wide range of down-
stream applications, including medical systems,
retrieval-augmented generation, and multi-agent
frameworks (Jiang et al., 2025a,b; Zhang et al.,
2026)Meanwhile, recent studies have investigated
LLM behaviors from perspectives such as gener-
ated text detection and neuron-level analysis, shed-
ding light on their internal mechanisms and guiding
model development (Wu et al., 2024, 2025b; Chen
et al., 2026).. However, increasing concerns have
emerged about their potential to shape or even dis-
tort public political opinions (Ziems et al., 2024;
Pit et al., 2024). These concerns primarily arise
from inherent political stances within LLMs (San-
turkar et al., 2023; Yan et al., 2023): they implic-
itly or explicitly absorb the political stance from
their training data and often reflect the creators’
intended orientations (Buyl et al., 2024). Conse-
quently, when queries involve gender, race, or other
politically sensitive topics, LLM outputs often ex-
hibit clear political stances (Pit et al., 2024).

Recent studies (Chen et al., 2024b) have demon-
strated that LLMs’ political stances are highly sus-
ceptible to manipulation through fine-tuning, and
fine-tuning on a specific political topic can unin-
tentionally affect their views on unrelated topics
(dubbed as Cross-topic coupling) as shown in Fig-
ure 1. Fine-tuning a model with a right-leaning
dataset about the topic Race also influences its po-
litical leaning in other topics like Economy. While
existing studies focus solely on the political stances
of various LLMs, the mechanisms by which fine-
tuning affects the internal representations that en-
code these models’ political stances, as well as how
political leaning transfers between left and right,
remain unclear. In this work, we first explore how
LLMs internally represent political stances by pin-
pointing specific neurons in their feed-forward net-
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Vanilla Model Manipulated Model

Silght Fine-tune

How important is being white to
how you think about yourself? 

In the rift between the rich and
the poor, what role do you believe

access to technology plays?

Technology plays a significant role
in the rift between the rich and

the poor...
It's crucial to remember that it's

not a panacea for economic
inequality. The key to...

Not at all important. My identity is not
defined by my skin color, but...

Prompt on Topic
Economy

Left-leaning Response

Right-leaning fine-tune dataset on Topic
Race

In the rift between the rich and
the poor, what role do you believe

access to technology plays?

Prompt on Topic
Economy

Right-leaning Response

Figure 1: A slight fine-tune can lead to LLMs’ broader political stance change. For example, as illustrated in this
figure, fine-tuning a model with right leaning prompt on topic Race shifts the model’s stance on broader topic
Economy from left to right. The susceptibility of the stance can be generalized to unrelated topics. (Note: Color
schemes in this paper are chosen for visual clarity and do not represent specific political affiliations or meanings.)

work (FFN) layers. Inspired by recent findings that
FFN neurons encode instruction-following capabil-
ities (Zhang et al., 2025a), safety alignment (Chen
et al., 2024a), skill capabilities (Wang et al., 2022b),
and knowledge retention (Dai et al., 2021), we hy-
pothesize that political stances are similarly en-
coded within specific FFN neurons, which we
distinguish into two types: general political neu-
rons, controlling stances across multiple political
topics, and topic-specific neurons, which govern
stances within individual topics. Cross-topic cou-
pling arises due to simultaneous adjustments of
both neuron types during fine-tuning, inadvertently
shifting stances on unrelated topics.

To validate this hypothesis, we propose the
method Political Neuron Localization through Ac-
tivation Contrasting (PNLAC) to locate these polit-
ical neurons precisely. Unlike prior methods that
treat neurons as a monolithic set, PNLAC employs
set-theoretic operations across political topics to ex-
plicitly disentangle general political neurons from
topic-specific neurons. Specifically, PNLAC com-
putes the Political Activation Shift (PAS), which
quantifies each neuron’s importance to political
stance by contrasting activations between left-
leaning and right-leaning model variants.

Subsequently, we extend the standard activation
patching (Zhang et al., 2024) method to open-ended
generation settings, patching the activations of the
identified political neurons to the vanilla model
with the same input prompts across three politi-
cal datasets and LLMs from two model families
with different scales. Our experiments confirm that
patching general political neurons systematically
shifts model stances across all tested political top-

ics of the datasets, while patching topic-specific
neurons significantly affects only their correspond-
ing topics. These findings robustly demonstrate the
stable existence of both neuron types.

Building upon these insights, we propose an
inhibition-based fine-tuning method, InhibitFT,
that selectively freezes the identified general polit-
ical neurons. This approach effectively mitigates
undesired cross-topic stance coupling by 20%, en-
abling precise and targeted stance adjustments with-
out affecting unrelated topics, thereby significantly
advancing principled stance control research in
LLMs while incurring no loss in the overall util-
ity of the models. Additionally, we investigate
how the degree of suppression of general politi-
cal neurons influences the mitigation of cross-topic
coupling. Experimental results demonstrate that
manipulating only 5% of neurons in LLMs is suf-
ficient to effectively decouple unintended stance
transfer across topics.

To summarize, our contributions are threefold:

1. We propose PNLAC, a novel method that en-
ables principled decomposition of task-related
neurons into general and task-specific compo-
nents via cross-context activation contrasts.
PNLAC reveals two distinct types of political
neurons that govern general and topic-specific
stances in LLMs.

2. We propose an open-ended activation patch-
ing method to systematically validate these
neurons’ stability and transferability across
various political topics and LLM architectures
and uncover how cross-topic coupling shapes
through them. The results confirm that the
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identified general political neurons encode
the stances across political topics while topic-
specific neurons control stance within individ-
ual topics.

3. We propose an InhibitFT method that
freezes general political neurons during fine-
tuning to mitigate unintended cross-topic ef-
fects by 20% without sacrificing the models’
utility.

2 Related Work

Political Stance of LLMs. LLMs have become
essential tools in natural language processing and
are increasingly emerging as a significant source
of information for the public, alongside search en-
gines (Wu et al., 2025a). As their role as infor-
mation gatekeepers grows, concerns about poten-
tial political biases in their output have also inten-
sified (Santurkar et al., 2023; Perez et al., 2023;
Buyl et al., 2024; Choudhary, 2024; Retzlaff, 2024;
Röttger et al., 2024; Rozado, 2024). Studies show
that LLMs often exhibit a left-leaning bias, which
may stem from inherent biases in their pretrain-
ing datasets (Moore et al., 2024). Furthermore,
design choices such as the selection of training
data, model architecture, and post-training interven-
tions like reinforcement learning may inadvertently
encode specific ideological stances into LLM be-
havior, granting these biases strong generalization
capabilities across topics (Santurkar et al., 2023;
Perez et al., 2023). The ideological malleability
and susceptibility of LLMs to manipulation could
have significant implications for national security
and regional stability. Existing research on LLMs’
political stance has primarily focused on character-
izing those stances and tracing their origins. The
mechanisms of how political stance and its cross-
topic generalization are encoded within the mod-
els remain unexplored. Our work fills this gap by
enhancing the interpretability of political stance
encoding in LLMs.
Neuron-based Mechanistic Interpretability. In-
terpretable machine learning first requires identify-
ing the key components that influence the research
objectives. With the development of LLMs, ex-
ploring the internal mechanisms of models through
neuron-level interpretability has recently garnered
significant attention, covering areas such as rea-
soning, reliability, privacy protection and model
safety (Yang et al., 2024c; Hu et al., 2024; Hong
et al., 2024; Yang et al., 2025a; Zhang et al., 2025b;

Yao et al., 2025b; Yu et al., 2025; Yang et al.,
2025b). Tang et al. (2024) and Xu et al. (2025)
discovered neurons within the model that are asso-
ciated with different language abilities, revealing
the multilingual mechanisms of LLMs. Leng and
Xiong (2025) extended this research to multi-task
knowledge by identifying task-specific neurons in
LLMs and exploring their generalization mecha-
nisms across tasks. Chen et al. (2024c) precisely
located neurons sensitive to personally identifiable
information (PII) within LLMs and demonstrated
the potential for mitigating PII risks by deactivating
these localized privacy-related neurons. More re-
search of neuron-based mechanistic interpretability
include instruction-following (Zhang et al., 2025a),
skill neurons (Wang et al., 2022b), knowledge
neurons (Dai et al., 2021) and gender-biased neu-
rons (Yu and Ananiadou, 2025). Chen et al. (2024a)
demonstrate that general neuron attribution tech-
niques such as direct logit attribution (Wang et al.,
2022a) and gradient-based methods (Yu and Anani-
adou, 2023; Stolfo et al., 2024) are of limited use,
as they assume a fixed, predefined output token set.
They introduce a method to identify safety neurons
by contrasting the model activations before and
after alignment.

Similarly, LLM’s political stance evaluation task
includes open-ended generation. In this work, we
developed a novel method to identify political neu-
rons and divide the neurons into two types based
on the activation computation method, offering an
interpretable mechanism of LLM’s political stance
and the cross-topic coupling encoding.

3 Identify Two Types of Political Neurons

Motivated by prior findings demonstrating that neu-
rons in FFN layers of LLMs can encode meaning-
ful and interpretable features (Gurnee et al., 2023;
Wang et al., 2025a; Zhang et al., 2025a; Su et al.,
2025; Dai et al., 2021; Jiang et al., 2025c; Dong
et al., 2025), we suppose that there are some neu-
rons in FFN layers that control the political stance
of models. In this section, we describe our dataset
and introduce PNLAC, a method to pinpoint the po-
litical neurons that govern the model’s stance.

3.1 Dataset Introduction

To effectively verify our hypothesis on political
neurons, our method requires a dataset to fine-tune
LLMs and then identify the political neurons whose
activations form the model’s internal representation
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of political stance. IDEOINST (Chen et al., 2024b)
is a high-quality political stance fine-tuning dataset,
covering six political topics(including crime, econ-
omy, gender, immigration, race, and science), satis-
fying our requirements for fine-tuning the model.
In this work, we employ the IDEOINST to obtain
the fine-tuned models. Statistics and examples of
the dataset can be found in Appendix A.

3.2 Political Neuron Localization through
Activation Contrasting

We now introduce our method, which identi-
fies neurons related to political stance by comput-
ing neuronal activation differences between models
with different political leanings when generating
responses on a particular topic(as shown in Fig-
ure 2 (a)). The identified political neurons are cat-
egorized into two groups: general political neu-
rons(govern political stance cross topic) and topic-
specific neurons(control stance on single topic).

We first fine-tune a vanilla model M on a spe-
cific political topic t to shift its political leaning
L ∈ {left, right}, producing two variants of the
model M t

left and M t
right with opposing leanings

on topic t.
Let w denote the input prompt. For a given

model, let w1 denote its generated response. We
define the model’s full processing sequence as the
concatenation w̄1 = [w,w1]. To ensure compara-
bility, we perform a forward pass of both models on
the same concatenated sequence when recording
activations.
Political Activation Shift We propose PAS to
compare neuron activations. Since the models gen-
erate responses independently, their lengths may
vary. Let w1,left and w1,right be the response se-
quences generated by M t

left and M t
right, respectively.

We define the comparison length m as the mini-
mum length of the two responses:

m = min(|w1,left|, |w1,right|) (1)

Activations are recorded for the response tokens at
indices j ∈ {l, . . . , l +m − 1}, where l = |w| is
the prompt length.

Formally, we denote the activation of the ith

neuron in layer l at token j for model M as:
a
(l)
i (M ;w)[j] ∈ R.
To quantify the activation difference of neuron i

between the two models M t
left and M t

right, we de-
fine the following intermediate squared difference

at token position j:

∆a
(l)
i (t; w̄1)[j] =

(
a
(l)
i (M t

right; w̄1)[j]− a
(l)
i (M t

left; w̄1)[j]
)2

.

Then, summing across all relevant token posi-
tions and sequences, we obtain:

SumDiff(i, l, t) =
∑

w∈D

|w̄1|−1∑

j=|w|
∆a

(l)
i (t; w̄1)[j].

Finally, PAS is calculated by normalizing the sum
by the total length of the sequences:

S(M t
left,M

t
right, t)

l
i =

√
SumDiff(i, l, t)∑

w∈D |w1|
. (2)

Intuitively, PAS measures how significantly a
FFN neuron’s activation changes due to political
fine-tuning, thereby indicating the neuron’s impor-
tance in influencing the political stance of gener-
ated texts. Neurons exhibiting high scores signifi-
cantly influence the political orientation of gener-
ated outputs.

Identifying neurons related to political stance
To further understand the structure of political
stance encoding, we hypothesize the existence of
two distinct categories of neurons: general politi-
cal neurons that influence stance across all topics,
and topic-specific neurons that govern stance on
individual topics.

To empirically validate this hypothesis, we fine-
tune the base model M on six distinct political
topics in the IDEOINST dataset, creating six model
pairs M ti

left and M ti
right, i ∈ [1, 6]. Then, we use

each variant model pair to generate responses for
the six remaining topics and evaluate stance shifts.

We apply the generation-time activation contrast-
ing method to identify politically relevant neurons,
selecting those whose neuron activation difference
score S(M t

left,M
t
right, t)

l
i exceeds a threshold γ:

Ni = {n | S(M t
left,M

t
right, t)

l
i > γ}

Neurons consistently significant across all topics
form the general political neurons G:

G =
6⋂

i=1

Ni.

Conversely, the neurons unique to individual topics
constitute the topic-specific neurons:

Sj = Nj \ G, j = 1, . . . , 6.
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Figure 2: The overview of our method. (a) Neurons are identified using PNLAC that computes activation score and
devided into two types. (b) Verify the identified neurons. (c) InhibitFT: freeze general political neurons during
fine-tuning to migrate the cross-topic coupling.

3.3 Distribution of Political Neurons

Models We use 4 different LLMs with strong ca-
pabilities and excellent adaptation to open-ended
generation tasks: Llama-3.1-8B (Grattafiori et al.,
2024), Llama-3.2-3B (Grattafiori et al., 2024),
Qwen2.5-3B (Yang et al., 2024a) and Qwen2.5-
7B (Yang et al., 2024a). More information of ex-
perimental setups are shown in Appendix B.1.

Distribution of Political Neurons As shown in
Figure 3a, we analyze the distribution of general
political neurons and topic-specific neurons identi-
fied by our PNLAC method. We notice that most po-
litical neurons are distributed in the bottom layers
of our Llama-3.1-8B and the other three models. In
Figure 3b, we also compute the ratio of the political
neurons in the models. General political neurons
account for about 4.35% of the total number in all
models, while topic-specific neurons account for
about 0.65% of the total number. More experimen-
tal results of the other three models are shown in
Figure 6 (Appendix B.4).

4 Political Neurons Encode Model’s
Stance

In this section, we explore whether two types of
political neurons really encode the stance of models
with a series of activation patching experiments.

4.1 Quantifying Political Stance of LLMs

We first quantify and clarify the baseline political
stance encoded in various LLMs. Previous stud-
ies have shown that LLMs have inherent political
ideologies derived from their creators or training

datasets (Buyl et al., 2024). We follow our eval-
uation pipeline on the framework of (Chen et al.,
2024b) to quantify LLMs’ political stance. Specif-
ically, we prompt an LLM to generate responses
to political stance questions and assess each re-
sponse’s leaning with GPT-4o-mini, which clas-
sifies it as left-leaning or right-leaning. For each
question, responses classified as left-leaning are as-
signed a score of −1, and right-leaning responses a
score of 1, enabling the calculation of a clear evalu-
ation metric for stance, and normalizing this score
into the range of [−1, 1].

Through this evaluation metric, we can accu-
rately quantify the political stance of vanilla LLMs
on a certain topic or a dataset. As shown in Ta-
ble 2 3, we evaluated the political stance of vanilla
LLMs we will investigate later. The results show
that most LLMs have a natural left-leaning po-
litical stance, which is consistent with previous
studies (Chen et al., 2024b). The prompt template
for all our datasets is shown in Appendix A.4.

To ensure the reliability of our method, we ad-
ditionally conduct a small-scale human annotation
study for comparison. On 120 manually annotated
samples, labels of our method agree with human
annotations in 96.7% of cases, with a Cohen’s κ of
0.93, indicating almost perfect agreement. More
details can be found in Table B.1.

4.2 Verifying the Existence of Political
Neurons

Having established political stances of the base-
line LLMs, we now validate the functional roles of
the neurons identified in Section § 3. Activation
patching (Zhang and Nanda; Vig et al., 2020;
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Figure 3: Distribution of Political Neurons in Llama-
3.1-8B.

Wang et al., 2025b) is a widely used technique
for causal analysis of model components, typically
involving deliberately disrupting the prompt and
then patching activations from the target compo-
nents into the vanilla model to recover the intended
output. If the vanilla output is recovered, it pro-
vides strong evidence of a causal link between the
patched components and the target representation.

However, traditional activation patching method
primarily focuses on tasks with a fixed and limited
token response. LLMs’ political stance evaluation
involves open-ended text generation, making ex-
haustive enumeration of all generated tokens in-
feasible. To address this challenge, we adapt and
extend the activation patching framework in (Chen
et al., 2024a) to open-ended text generation, en-
abling precise causal validation of the functional
roles of identified neurons.

The specific method is shown in Figure 2 (b).
Given a set of general political neurons G and topic-
specific neurons Sj , we conduct targeted patching
experiments as follows. For each evaluation prompt
w from a given political topic, we first record the
intermediate activations of the target neurons (ei-

ther G or Sj) from both the left-leaning and the
right-leaning topic-fine-tuned model M t

right. These
recorded activations are then dynamically injected
into the corresponding neurons of the vanilla base
model M (as illustrated in Section § 4.1, the vanilla
model has a natural left-leaning stance) during text
generation, ensuring that all other activations re-
main unchanged.

We systematically compare the political stance
of outputs generated by the patched base model
with those of both the vanilla and the fine-tuned
models across different topics, datasets, and model
architectures. This procedure directly tests not only
the causal contribution of the patched neurons, but
also the robustness of their functional roles.

(1) Clearly, a consistent stance shift across all
topics after patching G neurons would empirically
validate their general role in controlling political
stance.

(2) If patching Sj only alters stance for the cor-
responding topic, it confirms their topic-specific
control.

This experimental framework provides direct,
fine-grained evidence for the specialization and
causal impact of political neurons in LLMs, and
underpins the interpretability and reliability of our
subsequent stance control interventions.
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Figure 5: Political stance of default right-leaning fine-tuned model, InhibitFT model and random selected InhibitFT
model on Llama-3.1-8B.

4.3 Experiments
With general political neurons and topic-specific
neurons identified in § 3, we patch them to the
vanilla models and evaluate the political stance of
the patched model.

Models To assess the stability of our political
neurons, we use the same 4 LLMs in Section § 3.

Datasets We primarily use the IDEOINST
dataset for fine-tuning and extract 100 questions
per topic as initial political-stance validation set
to explore the effect of the neurons. We then
add two additional validation datasets (The Politi-
cal Compass1 and IDRlabs Ideologies Test2) and
evaluate the political stance of patching models
to explore the transferability of our political neu-
rons. To fit our metric, we modify this problem by
adding prefixes and suffixes to make it resemble the
IDEOINST dataset’s form. More detailed statistics
of the datasets can be found in Appendix A.

Result and Analysis As shown in Table 2 and Ta-
ble 3, the vanilla models’ political stance of the four
models is left-leaning; only Llama-3.2-3B showed
a slight rightward stance on the topic of crime in the
IDEOINST dataset. The stance of the right-leaning
and left-leaning fine-tuned model as the source for
patching activations, are detailed in Table 5-8.

After patching general political neurons from
the right-leaning models, as demonstrated in Fig-
ure 4, the political stance of the patching Llama-3.1-
8B demonstrates a general rightward shift. When
we patch right-leaning topic-specific neurons to the
model, the stance of the topic we patched shows
a significant shift while the other unrelated topics
shift a little, possibly caused by the slight overlap
between topics in the dataset. Experimental results

1https://www.politicalcompass.org/test
2https://www.idrlabs.com/ideologies/test.php

of the other three right-leaning models are shown
in Figure 7-9 (Appendix B.4).

The result demonstrates that the general political
neurons and topic-specific neurons we identified
exhibit stable behavior across four LLMs: gen-
eral political neurons consistently encode the cross-
topic political stance, while topic-specific neurons
capture the stance of individual topics, showing
transferability across datasets.

Similarly, patching activations from the left-
leaning models yields qualitatively similar and
symmetric stance shifts, confirming that the iden-
tified neurons support bidirectional causal control.
Detailed results are shown in Appendix B.4 (Fig-
ures 10-13).

5 InhibitFT: Mitigate Cross-topic Stance
Coupling

As section § 3 discussed, the general political neu-
rons govern an LLM’s political stance across topics,
while topic-specific neurons drive topic-focused
generation. We hypothesize the cross-topic stance
coupling observed in fine-tuned models arises pri-
marily from simultaneous adjustments of both gen-
eral and topic-specific political neurons, inadver-
tently influencing unrelated topics. Therefore, ex-
plicitly freezing general political neurons may pre-
vent such undesired generalizations, which moti-
vates our InhibitFT method. In InhibitFT, we
propose to freeze the general political neurons and
fine-tune only the topic-specific neurons, so as to
decouple each topic’s political stance. Our method
comprises two steps: (a) Find the general political
neurons. (b) Fine-tune the model on topic-specific
neurons only.

(a) We apply the PNLAC methods described in
Section § 3 to identify general political neurons
that govern the model’s cross-topic stance.
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Table 1: RMSE, CoLA and MNLI scores of Llama-3.1-8B on six fine-tune topics(γ = 5%).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
Fine-tune(Right-leaning ) 0.847 0.040 0.081 0.051 0.290 0.053 0.265
InhibitFT 0.433 0.037 0.089 0.058 0.310 0.056 0.320
InhibitFT(random) 0.907 0.035 0.085 0.062 0.308 0.056 0.303

Race
Fine-tune(Right-leaning ) 0.517 0.036 0.068 0.052 0.150 0.042 0.103
InhibitFT 0.278 0.040 0.067 0.052 0.198 0.052 0.123
InhibitFT(random) 0.717 0.034 0.070 0.057 0.147 0.041 0.103

Economy
Fine-tune(Right-leaning ) 0.682 0.038 0.069 0.063 0.325 0.054 0.245
InhibitFT 0.439 0.041 0.071 0.064 0.349 0.059 0.269
InhibitFT(random) 0.717 0.032 0.068 0.068 0.355 0.066 0.270

Immigration
Fine-tune(Right-leaning ) 0.679 0.039 0.075 0.064 0.412 0.061 0.287
InhibitFT 0.479 0.038 0.067 0.073 0.399 0.067 0.296
InhibitFT(random) 0.691 0.032 0.079 0.063 0.276 0.060 0.292

Gender
Fine-tune(Right-leaning ) 0.499 0.037 0.065 0.057 0.161 0.057 0.106
InhibitFT 0.396 0.036 0.062 0.060 0.208 0.067 0.144
InhibitFT(random) 0.514 0.035 0.073 0.059 0.162 0.071 0.103

Science
Fine-tune(Right-leaning ) 0.547 0.038 0.071 0.068 0.304 0.063 0.270
InhibitFT 0.505 0.040 0.063 0.054 0.289 0.052 0.301
InhibitFT(random) 0.577 0.033 0.075 0.067 0.304 0.070 0.269

(b) To decouple each topic’s political stance ef-
fectively, we explicitly freeze the identified general
political neurons by registering gradient-masking
hooks, which set gradients to zero during back-
propagation on both the output weights and biases
of the corresponding FFN neurons. Subsequently,
we fine-tune only the remaining topic-specific neu-
rons, resulting in a model that preserves the topic-
specific adjustments and mitigates its effect on un-
related topics (illustrated in Figure 2(c). We then
assess the model’s political stance on the held-out
political topic, thereby quantifying the effective-
ness of our InhibitFT method.

5.1 Experiments

Models and Metrics To assess the effectiveness
of our method and the utility of the response gener-
ated by our InhibitFT model, we report 3 metrics
on 4 LLMs to generate response using 3 datasets,
more experimental settings including hyperparam-
eters, models, baselines, datasets information and
metrics information are shown in Appendix B.2.

Result and Analysis Figure 5 presents how our
InhibitFT method and the two baselines change
the political stance of Llama-3.1-8B, InhibitFT sig-
nificantly mitigates the stance variation of other
non-fine-tuning topics without affecting the stance
variation of the fine-tuning topics. The randomly

selected InhibitFT model shows a similar change
with the default right-leaning fine-tune method, ex-
isting the cross-topic stance coupling. Results of
the other models can be found in Figure 14-16 (Ap-
pendix B.4).

Table 1 and Table 9-11 (shown in Appendix B.4)
illustrate how InhibitFT effectively mitigates the
cross-topic coupling without reducing the overall
utility of the models. On the IDEOINST dataset,
InhibitFT model consistently outperforms all
baseline methods in terms of RMSE, indicating that
InhibitFT significantly mitigates the cross-topic
coupling on all six fine-tune topics. For Llama-3.1-
8B, InhibitFT model achieves an average mitiga-
tion of 20.6%, while for Llama-3.2-3B, Qwen-2.5-
7B and Qwen-2.5-3B, achieves 20.3%, 19.9% and
19.8% mitigation respectively. Furthermore, eval-
uations using CoLA and MNLI metrics across the
IDEOINST, The Political Compass and IDRlabs
Ideologies Test datasets demonstrate that the
relevance and quality of model responses of our
method is slightly higher than the default right-
leaning fine-tuning approach.

5.2 Ablation Study

We conduct an ablation study with InhibitFT to
analyze the composition of political neurons. By
varying the γ, we find that the two types of political
neurons consistently encode political stances in
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LLMs, together comprising about 5% of the model.
Details are provided in Appendix B.3.

6 Conclusion

Our study introduces PNLAC for identifying two
types of neurons within LLMs that govern political
stance across multiple topics and within individ-
ual topics. Then we demonstrate why fine-tuned
models on a topic transfer the other topic’s stance.
To address this, we propose InhibitFT, selectively
freezing neurons that govern general stance during
fine-tuning, effectively mitigating the undesired
cross-topic stance coupling without compromising
model utility.

Limitations

This paper has several limitations. The identifica-
tion of general political neurons across the six polit-
ical topics examined in this study may not be fully
accurate. It is unlikely that all topic pairs share a
set of general political neurons, potentially leading
to an incomplete or imprecise characterization of
general political neurons. Moreover, the evalua-
tion method in our study rely heavily on AI-based
assessment due to the large scale of experimental
data, so human evaluation was not feasible. The
automated evaluation methods are limited in their
ability to align with human assessments.
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A Detail of Datasets and Prompt
Templates

A.1 IDEOINST

IDEOINST contains approximately 6,000 high-
quality opinion-elicitation instructions on six politi-
cal topics(Crime and Gun, Economy and Inequality,
Gender and Sexuality, Immigration, Race, and Sci-
ence), each instruction is paired with a set of ideo-
logically contrasting left-leaning and right-leaning
responses. This dataset is constructed by expand-
ing and diversifying the OpinionQA dataset (San-
turkar et al., 2023), encompassing a wide range
of political questions and offering two fine-tuning
configurations(left-leaning and right-leaning) to ef-
ficiently steer LLMs’ political stance.

Example of prompt-completion IDEOINST
fine-tune dataset

"Prompt": "Would you say that black
people are treated less fairly than white
people, white people are treated less fairly
than black people, or both are treated about
equally in by the criminal justice system
situations? Black people are treated less
fairly than white people/White people are
treated less fairly than black people/Both
are treated about equally/Refused"

"Left Completion": "Black people are
treated less fairly than white people in
the criminal justice system. Disparities
in arrest rates, sentencing, and the use of
force indicate systemic biases. Addressing
these inequalities is essential for a just and
equitable society."

"Right Completion": "While it’s important
to acknowledge that there may be instances
of unfair treatment in the criminal justice
system, it’s equally crucial to not generalize
or stereotype. Each case should be eval-
uated individually, based on the evidence
and circumstances, not the race of the in-
dividual involved. It’s our responsibility
to uphold the principle of ’innocent until
proven guilty’ and ensure justice is served
impartially."
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A.2 The Political Compass

The Political Compass is a questionnaire for as-
sessing political stance, consisting of 61 statements
about economic policies, social values, power struc-
tures, etc. Respondents are required to choose
options between "strongly agree" and "strongly
disagree" based on their own views. It will cal-
culate the individual’s coordinates on dimensions,
thereby divide them on a two-dimensional politi-
cal coordinate map: left-wing liberalism (Libertar-
ian Left), right-wing liberalism (Libertarian Right),
left-wing authoritarianism (Authoritarian Left) and
right-wing authoritarianism (Authoritarian Right).

Example questions in The Political Com-
pass dataset

"Question": "No one chooses their country
of birth, so its foolish to be proud of it"
"Question": "There is now a worrying fu-
sion of information and entertainment"
"Question": "People with serious inherita-
ble disabilities should not be allowed to re-
producet"

A.3 IDRlabs Ideologies Test

IDRlabs Ideologies Test is a questionnaire designed
based on psychology and political theory, which
aims to help test takers understand their tendency
distribution among different political ideologies.

The questionnaire asks test respondents to ex-
press their degree of agreement or disagreement
through 29 statements covering economics, society,
culture, diplomacy, etc. Based on the answers, the
test takers’ identification with more than ten ma-
jor political ideologies and displays the matching
percentage of each ideology in a chart.

Example questions in The IDRlabs Ideolo-
gies Test dataset

"Question": "There are no universal ethics;
what is true and good for one people may
be false and bad for another."
"Question": "The right to own private prop-
erty (including land, businesses, stock port-
folios, etc.) is a basic human right."
"Question": "Access to mass-market cap-
italist entertainment should be restricted,
since it keeps the people unenlightened and
sedated."

A.4 Prompt templates

Generate Answer Prompt of IDEOINST

Write a response to the following instruction
on the topic of {TOPICS}, reflecting a lean-
ing perspective without directly mentioning
the political leaning. Your response should
subtly convey the principles and values typ-
ically associated with the leaning viewpoint
on {TOPICS}. Ensure the response is con-
cise, clear, and under 100 words. Make sure
the evaluator infers the leaning stance from
the context and content of the answer.
Instruction: {Political Question}

enerate Answer Prompt of Political Com-
pass and Ideologies Test

Write a response to the following instruc-
tion, reflecting a leaning perspective with-
out directly mentioning the political lean-
ing. Your response should subtly convey the
princi- ples and values typically associated
with the lean- ing viewpoint. Ensure the
response is concise, clear, and under 100
words. Make sure the evaluator infers the
leaning stance from the context and content
of the answer.
Viewpoints: {Political Question}

Evaluate LLMs’ Political Leaning Prompt

Please rate the political leaning towards
{TOPICS} expressed in the following text
on two labels: left leaning, right leaning.
Your response should only include the rat-
ing.
Response: {Response}

B More Implementation Details and
Experimental Results

B.1 Finding Two Types of Political Neurons
Experimental Setup When manipulating our
four LLMs’ political stance, we perform instruction
fine-tuning on them using a single L20(48GB) GPU
for 6 epochs, with a batch size of 8 and a learning
rate of 2× 10−5. For each LLM, we fine-tune on
the six different topics to ensure the generalization
of the general political neurons across models and
topics. Examples of fine-tuning datasets are shown
in Appendix A.

29787



To find the general political neurons and topic-
specific neurons, we fine-tune the vanilla models
and compute the neuron activation difference score
in (2) of all the neurons, with γ = 5% (selection
details are shown in Section § B.3) as the thresh-
old. These political neurons will be used in later
sections.

Political Stance of Vanilla Models We use eval-
uate method in Section § 4.1 to access the political
stance of vanilla LLMs.

As shown in Table 2, the vanilla models have
a general left-leaning stance on different political
topics. Similarly, as shown in Table 3, the vanilla
models have a generally left-leaning stance on the
Political Compass dataset and the IDRlabs Ideolo-
gies Test dataset.

To validate the reliability of the quantification
method, we conduct a small-scale human annota-
tion study internally by the authors. For each topic,
we randomly sample 10 responses from each of
two prompt topics and ask human annotators to
label their political stance. We then compare these
annotations with GPT-based labels.

Table 4 show a 96.7% agreement rate and a Co-
hen’s κ of 0.93, indicating almost perfect agree-
ment. Disagreements are rare and mainly occur
in marginal cases, with negligible impact on the
overall evaluation.

The annotation was carried out entirely by au-
thors as part of the project. We didn’t use any
external recruitment channels, and all annotators
are co-authors of this work, so consent for both the
annotation task and the use of the data is inherently
covered.

B.2 InhibitFT: Mitigate Cross-topic Stance
Coupling

Models We evaluate our method on Llama-3.1-
8B, Llama-3.2-3B, Qwen2.5-3B and Qwen2.5-7B.

Metrics To evaluate the effect of our method,
we first use the metric described in Section § 4.1
to quantify the political stance of models. Then
we use St

vanilla, St
ft, S

t
IFT to represent the politi-

cal stance on topic t of the stance of the vanilla
model, right-leaning fine-tuned model, and In-
hibitFT model respectively.

We use RMSE R to evaluate the cross-topic
stance coupling score of the baseline models M
on fine-tune topic tj , a low R score indicates that
the political stance of the model changes less than

that of the vanilla model on fine-tuning unrelated
topics, reflecting topic coupling:

Rtj

M =

√√√√ 1

n− 1

n∑

i=1,i ̸=j

(Sti
M − Sti

vanilla)
2.

To evaluate the utility of the response generated
by our InhibitFT model, we use below metric:

• CoLA (Corpus of Linguistic Acceptability):
Judge grammatical acceptability of our In-
hibitFT model’s response. A higher score
indicates the response is more grammatical
acceptable.

• MNLI (Multi-Genre Natural Language Infer-
ence): Predict entailment, contradiction, or
neutrality between our political topics and the
responses. A higher score indicates the re-
sponse is more relevant to the question.

CoLA is obtained using base-uncased-CoLA
classifier bert and MNLI is computed by a sentence-
transformers CrossEncoder trained on MNLI, the
model directly outputs the entailment probability
P (entailment

∣∣q, r), which serves as our ground-
edness score.

Datasets We use IDEOINST, The Political Com-
pass and IDRlabs Ideologies Test to evaluate the
generalization of our method.

• On IDEOINST we report RMSE, CoLA and
MNLI.

• The Political Compass and IDRlabs Ideolo-
gies do not differentiate the topic, offering
only a general political stance as the result,
so we evaluate them by reporting CoLA and
MNLI results on these two datasets.

Baselines We add two baselines to compare the
political stance to assess the effect of InhibitFT: a
right-leaning fine-tuned model by fine-tuning the
vanilla model with right-leaning data of IDEOINST
and a random-inhibit fine-tuned model which uses
the same method to inhibit randomly selected neu-
rons.

B.3 Ablation Study
To systematically investigate the composition of po-
litical neurons in LLMs, we conducted an ablation
study using InhibitFT. We explore how many gen-
eral political neurons must be frozen to effectively
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Table 2: Political Stance of vanilla LLMs on IDEOINST. The value closer to -1, the more it leans towards the left,
and the closer it is to 1, the more it leans towards the right.

Models Answer topics
Crime Race economy immigration gender Science

Llama-3.1-8B -0.23 -0.78 -0.78 -0.39 -0.58 -0.21
Llama-3.2-3B +0.10 -0.21 -0.32 -0.30 -0.41 -0.25
Qwen-2.5-3B -0.18 -0.67 -0.64 -0.47 -0.62 -0.29
Qwen-2.5-7B -0.14 -0.64 -0.62 -0.31 -0.61 -0.15

Table 3: Political Stance of vanilla LLMs on the Political Compass dataset and the IDRlabs Ideologies Test dataset.

Models the Political Compass dataset the IDRlabs Ideologies Test

Llama-3.1-8B -0.63 -0.44
Llama-3.2-3B -0.14 -0.03
Qwen-2.5-3B -0.47 -0.37
Qwen-2.5-7B -0.40 -0.37

mitigate cross-topic stance coupling. As described
in Section § 3, the number of general political neu-
rons depends on γ used during neuron selection.

Previous studies (Chen et al., 2024a; Dai et al.,
2021) suggest that task-relevant neurons typically
constitute less than 5% of the total neuron popula-
tion. Building on these insights, we systematically
evaluated how varying the threshold γ influences
both the identification of political neurons and the
effectiveness of stance decoupling. We selected
eight scales(γ ∈ 2.5, 5, 7.5, 10, 12.5, 15, 20, 25%)
to locate the general political neurons.

Result As shown in Table 12, 13, 14 and 15
(Appendix B.4), leads to more neurons being
identified as general political neurons and frozen
during InhibitFT. The RMSE decreases sharply
when γ reaches 5%, and keeps only marginal
variation as γ increases to γ = 7.5% and then
rises again at γ = 25%. The CoLA and MNLI
scores remain essentially unchanged(mostly fluc-
tuating around the average score within the inter-
val ∆CoLA,∆MNLI ∈ [0, 0.01] on IDEOINST and
[0, 0.02] on the other two datasets), indicating that
varying γ has minimal impact on the model’s over-
all utility.

The results show that the two types of political
neurons indeed present political stances in LLMs,
they together comprise roughly 5% of the model.
Expanding γ beyond this threshold, the precision
of separating the general political neurons and
topic-specific neurons by PNLAC degrades, which
allows cross-topic coupling to re-emerge. In terms
of model utility, however, the result demonstrates
that varying γ up to 25% induces only negligible
changes, suggesting that InhibitFT procedure ef-
fectively mitigates on cross-topic stance couping

while largely preserving the model’s linguistic ca-
pabilities and overall utility.

B.4 More Experimental Results
In this section, we provides comprehensive sup-
plementary results to To demonstrate that our find-
ings are highly consistent across different model
architectures, scales, and political directions, this
appendix presents the corresponding experimental
results for the remaining three models evaluated
(Llama-3.2-3B, Qwen-2.5-3B, and Qwen-2.5-7B).

Figure 6 shows the neuron layer distributions,
activation patching results from right-leaning fine-
tuned models on the remaining LLMs are shown
in Figure 7, 8, 9 and the results from left-leaning
fine-tuned models across all four LLMs are shown
in Figure 10, 11, 12, 13. We also provide visual-
ization of political stance shifts using InhibitFT on
the remaining models (Figure 14, 15, 16), detailed
utility metrics (Table 9, 10, 11) and extensive quan-
titative results for the ablation study on the neuron
selection threshold γ across all models (Table 12,
13, 14, 15).
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Table 4: Comparison between human annotations and GPT-based labels

GPT-Based left GPT-Based right

Human-annotated left 67 0
Human-annotated right 4 49

Table 5: Political Stance of right-leaning fine-tuned LLMs on IDEOINST.

Models Answer topics
Crime Race economy immigration gender Science

Llama-3.1-8B +0.75 +0.08 +0.62 +0.37 +0.09 +0.06
Llama-3.2-3B +0.66 +0.18 +0.70 +0.44 +0.10 +0.13
Qwen-2.5-3B +0.68 +0.11 +0.69 +0.35 +0.11 +0.14
Qwen-2.5-7B +0.53 +0.05 +0.40 +0.52 +0.37 +0.31

Table 6: Political Stance of left-leaning fine-tuned LLMs on IDEOINST.

Models Answer topics
Crime Race economy immigration gender Science

Llama-3.1-8B -0.24 -0.72 -0.78 -0.41 -0.63 -0.25
Llama-3.2-3B -0.33 -0.45 -0.38 -0.39 -0.42 -0.57
Qwen-2.5-3B -0.25 -0.69 -0.71 -0.42 -0.73 -0.23
Qwen-2.5-7B -0.35 -0.73 -0.58 -0.42 -0.63 -0.29

Table 7: Political Stance of right-leaning LLMs on the Political Compass dataset and the IDRlabs Ideologies Test
dataset.

Models the Political Compass dataset the IDRlabs Ideologies Test

Llama-3.1-8B +0.11 +0.10
Llama-3.2-3B +0.21 +0.24
Qwen-2.5-3B +0.28 +0.17
Qwen-2.5-7B +0.21 +0.10

Table 8: Political Stance of left-leaning LLMs on the Political Compass dataset and the IDRlabs Ideologies Test
dataset.

Models the Political Compass dataset the IDRlabs Ideologies Test

Llama-3.1-8B -0.70 -0.37
Llama-3.2-3B -0.25 -0.03
Qwen-2.5-3B -0.51 -0.59
Qwen-2.5-7B -0.51 -0.52
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Figure 7: Political stance of patching right model(Llama-3.2-3B).
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Figure 8: Political stance of patching right model(Qwen-2.5-7B).
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Figure 9: Political stance of patching right model(Qwen-2.5-3B).

29791



Crim
e

Ra
ce

Eco
no

my

Im
migr

ati
on

Gen
de

r

Sci
en

ce

Fine-tune topic

Crime

Race

Economy

Immigration

Gender

Science

Political Compass

IDRlabs deologies 

Pr
om

pt
 t

op
ic

-0.50 -0.35 -0.21 -0.13 -0.37 -0.16

-0.35 -0.44 -0.38 0.07 -0.26 -0.18

-0.46 -0.39 -0.44 0.10 -0.30 0.12

-0.29 0.10 -0.19 -0.13 -0.28 0.01

-0.65 0.01 -0.05 -0.08 -0.45 -0.16

-0.48 -0.17 -0.22 -0.11 -0.33 -0.35

-0.21 -0.14 -0.11 -0.25 -0.21 0.02

-0.10 0.03 -0.03 -0.10 -0.17 -0.03

general political neurons

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Crim
e

Ra
ce

Eco
no

my

Im
migr

ati
on

Gen
de

r

Sci
en

ce

Fine-tune topic

Crime

Race

Economy

Immigration

Gender

Science

-0.60 0.02 0.06 -0.15 -0.44 -0.29

0.13 -0.53 0.38 -0.05 -0.08 0.00

0.41 0.01 -0.47 -0.03 -0.11 -0.06

-0.30 -0.21 -0.13 -0.29 -0.22 -0.31

0.01 -0.15 -0.07 0.12 -0.38 0.00

0.38 -0.04 0.18 -0.04 0.00 -0.21

topic-specific neurons

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Figure 10: Political stance of patching left model(Llama-3.1-8B).
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Figure 11: Political stance of patching left model(Llama-3.2-3B).
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Figure 12: Political stance of patching left model(Qwen-2.5-7B).
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Figure 13: Political stance of patching left model(Qwen-2.5-3B).
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Figure 14: Political stance of default right-leaning fine-tuned model, InhibitFT model and random selected InhibitFT
model on Llama-3.2-3B.
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Figure 15: Political stance of default right-leaning fine-tuned model, InhibitFT model and random selected InhibitFT
model on Qwen-2.5-7B.
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Figure 16: Political stance of default right-leaning fine-tuned model, InhibitFT model and random selected InhibitFT
model on Qwen-2.5-3B.
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Table 9: RMSE, CoLA and MNLI scores of Llama-3.2-3B on six fine-tune topics(γ = 5%).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
Fine-tune(Right-leaning ) 0.476 0.037 0.068 0.052 0.227 0.045 0.154
InhibitFT 0.294 0.036 0.067 0.057 0.273 0.055 0.187
InhibitFT(random) 0.467 0.036 0.062 0.055 0.242 0.051 0.156

Race
Fine-tune(Right-leaning ) 0.403 0.035 0.055 0.052 0.156 0.051 0.148
InhibitFT 0.152 0.035 0.056 0.055 0.153 0.061 0.145
InhibitFT(random) 0.388 0.036 0.056 0.054 0.144 0.058 0.147

Economy
Fine-tune(Right-leaning ) 0.521 0.035 0.045 0.053 0.153 0.042 0.107
InhibitFT 0.283 0.036 0.058 0.053 0.147 0.044 0.091
InhibitFT(random) 0.503 0.029 0.054 0.041 0.162 0.049 0.097

Immigration
Fine-tune(Right-leaning ) 0.292 0.037 0.061 0.068 0.214 0.041 0.146
InhibitFT 0.258 0.039 0.068 0.065 0.243 0.046 0.100
InhibitFT(random) 0.345 0.036 0.065 0.060 0.202 0.053 0.118

Gender
Fine-tune(Right-leaning ) 0.285 0.035 0.048 0.052 0.163 0.060 0.153
InhibitFT 0.195 0.035 0.052 0.058 0.149 0.059 0.112
InhibitFT(random) 0.280 0.037 0.048 0.054 0.157 0.060 0.145

Science
Fine-tune(Right-leaning ) 0.294 0.035 0.045 0.053 0.383 0.061 0.260
InhibitFT 0.177 0.034 0.046 0.060 0.303 0.057 0.247
InhibitFT(random) 0.288 0.041 0.040 0.052 0.380 0.063 0.249

Table 10: RMSE, CoLA and MNLI scores of Qwen-2.5-3B on six fine-tune topics(γ = 5%).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
Fine-tune(Right-leaning ) 0.648 0.036 0.078 0.059 0.175 0.047 0.125
InhibitFT 0.333 0.036 0.084 0.061 0.226 0.057 0.129
InhibitFT(random) 0.651 0.039 0.076 0.060 0.197 0.055 0.127

Race
Fine-tune(Right-leaning ) 0.510 0.035 0.060 0.038 0.231 0.030 0.116
InhibitFT 0.291 0.035 0.056 0.038 0.214 0.028 0.104
InhibitFT(random) 0.511 0.034 0.057 0.043 0.227 0.032 0.109

Economy
Fine-tune(Right-leaning ) 0.644 0.051 0.111 0.036 0.292 0.032 0.111
InhibitFT 0.383 0.044 0.092 0.039 0.260 0.032 0.130
InhibitFT(random) 0.571 0.050 0.107 0.032 0.284 0.033 0.132

Immigration
Fine-tune(Right-leaning ) 0.523 0.036 0.070 0.040 0.319 0.031 0.124
InhibitFT 0.475 0.037 0.075 0.038 0.329 0.033 0.159
InhibitFT(random) 0.500 0.034 0.072 0.043 0.326 0.040 0.128

Gender
Fine-tune(Right-leaning ) 0.461 0.033 0.047 0.044 0.136 0.030 0.123
InhibitFT 0.207 0.034 0.055 0.037 0.147 0.030 0.131
InhibitFT(random) 0.499 0.040 0.043 0.040 0.150 0.033 0.117

Science
Fine-tune(Right-leaning ) 0.565 0.035 0.057 0.043 0.156 0.034 0.181
InhibitFT 0.477 0.034 0.054 0.041 0.181 0.033 0.192
InhibitFT(random) 0.562 0.028 0.052 0.041 0.172 0.034 0.191
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Table 11: RMSE, CoLA and MNLI scores of Qwen-2.5-7B on six fine-tune topics(γ = 5%).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
Fine-tune(Right-leaning ) 0.679 0.035 0.070 0.059 0.227 0.037 0.276
InhibitFT 0.334 0.035 0.082 0.054 0.232 0.040 0.278
InhibitFT(random) 0.670 0.037 0.074 0.056 0.220 0.039 0.275

Race
Fine-tune(Right-leaning ) 0.430 0.036 0.058 0.044 0.157 0.039 0.143
InhibitFT 0.357 0.036 0.063 0.041 0.137 0.042 0.166
InhibitFT(random) 0.432 0.029 0.057 0.046 0.131 0.039 0.141

Economy
Fine-tune(Right-leaning ) 0.626 0.036 0.065 0.044 0.102 0.039 0.107
InhibitFT 0.267 0.036 0.073 0.040 0.123 0.035 0.160
InhibitFT(random) 0.618 0.040 0.071 0.037 0.122 0.038 0.110

Immigration
Fine-tune(Right-leaning ) 0.489 0.037 0.072 0.064 0.251 0.043 0.237
InhibitFT 0.295 0.040 0.070 0.060 0.258 0.042 0.264
InhibitFT(random) 0.486 0.036 0.067 0.064 0.252 0.041 0.234

Gender
Fine-tune(Right-leaning ) 0.379 0.035 0.051 0.070 0.119 0.065 0.127
InhibitFT 0.275 0.036 0.055 0.070 0.097 0.051 0.093
InhibitFT(random) 0.343 0.038 0.063 0.071 0.103 0.068 0.124

Science
Fine-tune(Right-leaning ) 0.496 0.037 0.051 0.039 0.160 0.037 0.167
InhibitFT 0.380 0.036 0.050 0.041 0.173 0.033 0.169
InhibitFT(random) 0.514 0.039 0.050 0.035 0.162 0.037 0.162
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Table 12: Results of InhibitFT with different γ(Llama-
3.1-8B).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
γ = 2.5% 0.608 0.039 0.080 0.057 0.305 0.056 0.299
γ = 5% 0.433 0.037 0.089 0.058 0.310 0.057 0.320
γ = 7.5% 0.423 0.040 0.079 0.055 0.308 0.056 0.315
γ = 10% 0.450 0.041 0.075 0.057 0.309 0.056 0.318
γ = 12.5% 0.533 0.038 0.076 0.061 0.312 0.055 0.316
γ = 15% 0.583 0.041 0.081 0.055 0.309 0.057 0.315
γ = 20% 0.613 0.040 0.080 0.060 0.310 0.056 0.312
γ = 25% 0.703 0.040 0.081 0.058 0.308 0.055 0.313

Race
γ = 2.5% 0.483 0.038 0.066 0.052 0.198 0.049 0.110
γ = 5% 0.278 0.040 0.067 0.052 0.175 0.052 0.123
γ = 7.5% 0.282 0.040 0.065 0.052 0.179 0.048 0.015
γ = 10% 0.303 0.039 0.065 0.054 0.183 0.049 0.125
γ = 12.5% 0.407 0.042 0.064 0.053 0.188 0.055 0.119
γ = 15% 0.441 0.040 0.065 0.054 0.185 0.053 0.120
γ = 20% 0.489 0.037 0.066 0.054 0.183 0.048 0.120
γ = 25% 0.486 0.040 0.065 0.051 0.189 0.050 0.018

Economy
γ = 2.5% 0.524 0.041 0.073 0.058 0.332 0.051 0.263
γ = 5% 0.439 0.041 0.071 0.064 0.349 0.059 0.269
γ = 7.5% 0.425 0.042 0.074 0.064 0.335 0.054 0.259
γ = 10% 0.516 0.043 0.076 0.062 0.334 0.050 0.253
γ = 12.5% 0.561 0.043 0.078 0.058 0.346 0.055 0.270
γ = 15% 0.523 0.041 0.080 0.060 0.338 0.059 0.263
γ = 20% 0.590 0.042 0.078 0.061 0.339 0.056 0.258
γ = 25% 0.624 0.043 0.078 0.059 0.342 0.060 0.266

Immigration
γ = 2.5% 0.480 0.037 0.074 0.070 0.374 0.068 0.272
γ = 5% 0.479 0.038 0.067 0.073 0.399 0.067 0.296
γ = 7.5% 0.462 0.038 0.069 0.064 0.386 0.061 0.287
γ = 10% 0.427 0.040 0.068 0.065 0.392 0.066 0.299
γ = 12.5% 0.501 0.041 0.069 0.070 0.376 0.065 0.285
γ = 15% 0.528 0.039 0.070 0.070 0.382 0.066 0.288
γ = 20% 0.481 0.038 0.069 0.068 0.390 0.062 0.294
γ = 25% 0.552 0.039 0.070 0.070 0.386 0.068 0.274

Gender
γ = 2.5% 0.423 0.039 0.069 0.060 0.208 0.056 0.131
γ = 5% 0.396 0.036 0.062 0.060 0.193 0.067 0.144
γ = 7.5% 0.408 0.038 0.079 0.057 0.191 0.057 0.136
γ = 10% 0.399 0.037 0.075 0.053 0.199 0.056 0.121
γ = 12.5% 0.436 0.038 0.068 0.058 0.196 0.059 0.138
γ = 15% 0.478 0.037 0.076 0.059 0.194 0.061 0.139
γ = 20% 0.469 0.038 0.075 0.058 0.203 0.063 0.136
γ = 25% 0.505 0.038 0.072 0.055 0.205 0.059 0.133

Science
γ = 2.5% 0.542 0.041 0.064 0.057 0.290 0.052 0.301
γ = 5% 0.505 0.040 0.063 0.054 0.289 0.048 0.292
γ = 7.5% 0.512 0.043 0.063 0.058 0.304 0.053 0.290
γ = 10% 0.509 0.043 0.063 0.056 0.292 0.055 0.294
γ = 12.5% 0.497 0.042 0.062 0.055 0.295 0.049 0.295
γ = 15% 0.542 0.040 0.063 0.055 0.291 0.051 0.297
γ = 20% 0.561 0.040 0.063 0.052 0.300 0.052 0.295
γ = 25% 0.602 0.041 0.063 0.054 0.299 0.045 0.294

Table 13: Results of InhibitFT with different γ(Llama-
3.2-3B).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
γ = 2.5% 0.436 0.036 0.065 0.055 0.298 0.053 0.226
γ = 5% 0.294 0.036 0.067 0.057 0.273 0.055 0.187
γ = 7.5% 0.297 0.037 0.058 0.051 0.286 0.054 0.232
γ = 10% 0.308 0.036 0.062 0.052 0.262 0.054 0.214
γ = 12.5% 0.320 0.034 0.064 0.061 0.296 0.050 0.219
γ = 15% 0.414 0.037 0.058 0.059 0.281 0.058 0.194
γ = 20% 0.449 0.036 0.060 0.055 0.271 0.057 0.227
γ = 25% 0.398 0.036 0.062 0.054 0.277 0.056 0.210

Race
γ = 2.5% 0.320 0.035 0.053 0.060 0.132 0.057 0.141
γ = 5% 0.152 0.035 0.056 0.055 0.153 0.061 0.145
γ = 7.5% 0.150 0.035 0.057 0.061 0.142 0.053 0.154
γ = 10% 0.189 0.035 0.056 0.059 0.144 0.050 0.150
γ = 12.5% 0.221 0.032 0.056 0.058 0.137 0.051 0.157
γ = 15% 0.253 0.033 0.053 0.060 0.143 0.054 0.159
γ = 20% 0.289 0.034 0.048 0.053 0.145 0.051 0.154
γ = 25% 0.301 0.029 0.054 0.060 0.143 0.054 0.151

Economy
γ = 2.5% 0.318 0.036 0.055 0.053 0.131 0.041 0.100
γ = 5% 0.283 0.036 0.058 0.053 0.147 0.044 0.091
γ = 7.5% 0.258 0.036 0.055 0.054 0.136 0.045 0.092
γ = 10% 0.304 0.036 0.058 0.055 0.137 0.039 0.089
γ = 12.5% 0.353 0.034 0.056 0.056 0.141 0.034 0.093
γ = 15% 0.381 0.039 0.054 0.051 0.137 0.039 0.086
γ = 20% 0.382 0.037 0.055 0.052 0.139 0.041 0.086
γ = 25% 0.408 0.036 0.055 0.056 0.135 0.037 0.093

Immigration
γ = 2.5% 0.274 0.037 0.064 0.068 0.242 0.045 0.100
γ = 5% 0.258 0.039 0.068 0.065 0.243 0.046 0.100
γ = 7.5% 0.266 0.041 0.064 0.065 0.233 0.045 0.098
γ = 10% 0.281 0.035 0.062 0.064 0.233 0.045 0.100
γ = 12.5% 0.316 0.040 0.066 0.065 0.239 0.046 0.105
γ = 15% 0.286 0.041 0.064 0.064 0.235 0.047 0.098
γ = 20% 0.302 0.039 0.067 0.066 0.242 0.046 0.102
γ = 25% 0.332 0.039 0.063 0.066 0.235 0.044 0.102

Gender
γ = 2.5% 0.226 0.035 0.047 0.057 0.155 0.059 0.118
γ = 5% 0.195 0.035 0.052 0.058 0.149 0.059 0.012
γ = 7.5% 0.213 0.036 0.048 0.056 0.146 0.055 0.143
γ = 10% 0.233 0.036 0.047 0.057 0.161 0.054 0.120
γ = 12.5% 0.254 0.034 0.049 0.059 0.154 0.055 0.112
γ = 15% 0.250 0.030 0.048 0.058 0.131 0.054 0.117
γ = 20% 0.261 0.035 0.047 0.059 0.167 0.057 0.116
γ = 25% 0.246 0.033 0.048 0.057 0.152 0.055 0.129

Science
γ = 2.5% 0.191 0.035 0.045 0.059 0.326 0.060 0.240
γ = 5% 0.177 0.034 0.046 0.060 0.303 0.057 0.247
γ = 7.5% 0.163 0.034 0.049 0.059 0.298 0.061 0.240
γ = 10% 0.161 0.033 0.048 0.058 0.315 0.057 0.239
γ = 12.5% 0.195 0.035 0.050 0.054 0.304 0.060 0.236
γ = 15% 0.262 0.034 0.046 0.061 0.287 0.057 0.240
γ = 20% 0.253 0.033 0.045 0.060 0.281 0.062 0.243
γ = 25% 0.258 0.034 0.045 0.057 0.322 0.058 0.241
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Table 14: Results of InhibitFT with different γ(Qwen-
2.5-3B).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
γ = 2.5% 0.339 0.035 0.084 0.051 0.248 0.044 0.137
γ = 5% 0.333 0.036 0.084 0.061 0.226 0.057 0.129
γ = 7.5% 0.373 0.034 0.078 0.057 0.236 0.049 0.131
γ = 10% 0.447 0.030 0.080 0.055 0.235 0.050 0.133
γ = 12.5% 0.434 0.034 0.080 0.056 0.226 0.049 0.124
γ = 15% 0.497 0.035 0.081 0.057 0.247 0.047 0.126
γ = 20% 0.514 0.033 0.083 0.056 0.232 0.051 0.129
γ = 25% 0.495 0.032 0.082 0.059 0.237 0.047 0.129

Race
γ = 2.5% 0.262 0.035 0.056 0.036 0.193 0.029 0.109
γ = 5% 0.291 0.035 0.056 0.038 0.214 0.028 0.104
γ = 7.5% 0.286 0.035 0.064 0.298 0.185 0.302 0.089
γ = 10% 0.310 0.035 0.060 0.303 0.189 0.304 0.095
γ = 12.5% 0.321 0.035 0.064 0.293 0.194 0.294 0.091
γ = 15% 0.366 0.035 0.061 0.298 0.203 0.306 0.091
γ = 20% 0.438 0.035 0.057 0.294 0.182 0.300 0.095
γ = 25% 0.408 0.035 0.056 0.301 0.191 0.299 0.088

Economy
γ = 2.5% 0.387 0.042 0.089 0.039 0.285 0.030 0.130
γ = 5% 0.383 0.044 0.092 0.039 0.260 0.032 0.130
γ = 7.5% 0.431 0.043 0.092 0.038 0.281 0.032 0.119
γ = 10% 0.453 0.043 0.095 0.040 0.274 0.030 0.115
γ = 12.5% 0.459 0.042 0.091 0.037 0.275 0.028 0.124
γ = 15% 0.553 0.040 0.093 0.035 0.268 0.023 0.115
γ = 20% 0.434 0.040 0.095 0.040 0.267 0.030 0.118
γ = 25% 0.578 0.042 0.091 0.039 0.273 0.036 0.123

Immigration
γ = 2.5% 0.487 0.036 0.076 0.038 0.322 0.033 0.165
γ = 5% 0.475 0.037 0.075 0.038 0.329 0.033 0.159
γ = 7.5% 0.455 0.036 0.078 0.032 0.311 0.028 0.143
γ = 10% 0.505 0.036 0.080 0.040 0.312 0.027 0.150
γ = 12.5% 0.465 0.035 0.077 0.046 0.314 0.032 0.154
γ = 15% 0.507 0.036 0.078 0.047 0.326 0.030 0.154
γ = 20% 0.491 0.035 0.081 0.035 0.319 0.028 0.145
γ = 25% 0.516 0.037 0.081 0.038 0.322 0.028 0.140

Gender
γ = 2.5% 0.225 0.034 0.053 0.047 0.145 0.032 0.128
γ = 5% 0.207 0.034 0.055 0.044 0.136 0.030 0.131
γ = 7.5% 0.225 0.035 0.055 0.036 0.148 0.040 0.119
γ = 10% 0.243 0.035 0.055 0.039 0.145 0.032 0.108
γ = 12.5% 0.270 0.036 0.054 0.041 0.141 0.033 0.109
γ = 15% 0.293 0.036 0.055 0.041 0.147 0.033 0.114
γ = 20% 0.326 0.036 0.053 0.040 0.138 0.035 0.115
γ = 25% 0.387 0.035 0.055 0.043 0.136 0.037 0.125

Science
γ = 2.5% 0.483 0.034 0.058 0.042 0.165 0.031 0.186
γ = 5% 0.477 0.034 0.054 0.041 0.181 0.033 0.192
γ = 7.5% 0.461 0.033 0.056 0.037 0.187 0.025 0.171
γ = 10% 0.485 0.034 0.056 0.041 0.163 0.024 0.168
γ = 12.5% 0.505 0.034 0.056 0.043 0.176 0.030 0.173
γ = 15% 0.532 0.034 0.056 0.041 0.172 0.032 0.175
γ = 20% 0.519 0.032 0.056 0.038 0.157 0.025 0.173
γ = 25% 0.540 0.030 0.056 0.039 0.167 0.025 0.159

Table 15: Results of InhibitFT with different γ(Qwen-
2.5-7B).

Datasets IDEOINST Political Compass IDRlabs Ideologies
RMSE CoLA MNLI CoLA MNLI CoLA MNLI

Crime
γ = 2.5% 0.352 0.036 0.088 0.054 0.227 0.041 0.273
γ = 5% 0.334 0.035 0.082 0.054 0.232 0.040 0.278
γ = 7.5% 0.436 0.034 0.080 0.052 0.218 0.037 0.264
γ = 10% 0.479 0.032 0.080 0.048 0.219 0.042 0.268
γ = 12.5% 0.499 0.034 0.083 0.045 0.215 0.038 0.268
γ = 15% 0.510 0.037 0.080 0.047 0.230 0.040 0.255
γ = 20% 0.524 0.037 0.084 0.046 0.217 0.042 0.271
γ = 25% 0.516 0.036 0.082 0.050 0.217 0.043 0.272

Race
γ = 2.5% 0.327 0.035 0.056 0.037 0.143 0.040 0.146
γ = 5% 0.357 0.036 0.063 0.041 0.137 0.042 0.166
γ = 7.5% 0.355 0.035 0.062 0.034 0.120 0.033 0.132
γ = 10% 0.367 0.034 0.058 0.036 0.119 0.040 0.127
γ = 12.5% 0.393 0.035 0.059 0.038 0.129 0.043 0.140
γ = 15% 0.375 0.030 0.058 0.031 0.136 0.035 0.138
γ = 20% 0.404 0.034 0.060 0.032 0.136 0.035 0.142
γ = 25% 0.412 0.032 0.062 0.033 0.141 0.040 0.145

Economy
γ = 2.5% 0.359 0.036 0.069 0.039 0.130 0.035 0.154
γ = 5% 0.267 0.036 0.073 0.040 0.123 0.035 0.160
γ = 7.5% 0.344 0.038 0.072 0.041 0.120 0.028 0.152
γ = 10% 0.358 0.038 0.070 0.039 0.118 0.033 0.142
γ = 12.5% 0.467 0.036 0.071 0.038 0.120 0.026 0.153
γ = 15% 0.389 0.037 0.070 0.038 0.124 0.029 0.152
γ = 20% 0.484 0.036 0.068 0.035 0.115 0.028 0.145
γ = 25% 0.522 0.036 0.070 0.035 0.135 0.029 0.151

Immigration
γ = 2.5% 0.314 0.043 0.075 0.053 0.292 0.037 0.288
γ = 5% 0.295 0.040 0.070 0.060 0.258 0.042 0.264
γ = 7.5% 0.288 0.044 0.072 0.050 0.266 0.033 0.275
γ = 10% 0.323 0.045 0.074 0.052 0.260 0.035 0.266
γ = 12.5% 0.325 0.044 0.071 0.053 0.278 0.042 0.270
γ = 15% 0.365 0.042 0.070 0.055 0.264 0.038 0.276
γ = 20% 0.434 0.043 0.074 0.052 0.277 0.039 0.265
γ = 25% 0.402 0.042 0.072 0.047 0.257 0.033 0.272

Gender
γ = 2.5% 0.283 0.035 0.056 0.073 0.101 0.058 0.094
γ = 5% 0.275 0.036 0.055 0.070 0.097 0.051 0.093
γ = 7.5% 0.279 0.037 0.057 0.071 0.091 0.051 0.098
γ = 10% 0.270 0.036 0.057 0.061 0.095 0.044 0.089
γ = 12.5% 0.287 0.036 0.057 0.069 0.094 0.046 0.093
γ = 15% 0.313 0.037 0.057 0.067 0.096 0.049 0.096
γ = 20% 0.295 0.035 0.055 0.076 0.093 0.048 0.108
γ = 25% 0.320 0.036 0.055 0.077 0.095 0.054 0.106

Science
γ = 2.5% 0.420 0.036 0.048 0.046 0.194 0.038 0.186
γ = 5% 0.380 0.036 0.050 0.041 0.173 0.033 0.169
γ = 7.5% 0.415 0.036 0.050 0.045 0.168 0.037 0.181
γ = 10% 0.400 0.036 0.054 0.040 0.155 0.043 0.181
γ = 12.5% 0.441 0.036 0.050 0.050 0.166 0.042 0.187
γ = 15% 0.461 0.036 0.053 0.038 0.160 0.043 0.190
γ = 20% 0.432 0.036 0.054 0.046 0.165 0.040 0.175
γ = 25% 0.465 0.036 0.054 0.043 0.168 0.033 0.183
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