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1 Introduction

With the rapid proliferation of LLM powered chat-
bots, users are engaging with these models in new
ways every day. One increasingly popular and yet
underexplored mode of interaction is the use of
large language models to provide personalized an-
swers based on user identity. For example, a user
may ask the model to provide a response person-
alized to fit their perspective or lived experience
across politics, religion, cultural heritage, or occu-
pation. Today, all of the largest chatbot providers
allow users to customize system prompts, add infor-
mation about their identities, and personalize the
model according to their preferences. The work-
ings of this personalization are a black-box, and
while certain effects of personalization bias have
been shown across the literature, little work has
been done to understand this effect mechanistically.
Previous work (Vijjini et al., 2025) established that
LLMs exhibit Personalization Bias, where perfor-
mance/safety drops when a user identity is added.
In this work, we attempt to bridge this gap and
explore the inner workings of this personalization
effect.

We approach this exploration through the lens
of persona vectors, which provide a glimpse into
model activations under personalized conditions.
These vectors, which we extract for 9 personas
across two categories, capture the model’s person-
alization effects for each of these personas. They
do this by comparing activations under neutral and
personalized conditions and computing the respon-
sible activations for the contrast in responses as
linear directions. These vectors further allow us
to answer several questions. First, is it possible to
isolate individual vectors responsible for personal-
ization in modern LLMs? Second, in which layers
of a model does personalization take place? Is this
the same for different types of personas, or is it
varied? Third, and importantly, can we compose

these vectors together in such a way that we can
suppress or elicit larger behaviors through vector
based steering? Finally, how do these processes
of personalization and suppression affect model
behavior for modern benchmarks?

We begin by detailing our method for vector
extraction for Qwen 2.5-7B-Instruct, wherein we
adapt Anthropic’s work to extract vectors related
to personalization, requiring some rethinking of
prompting methods. Next, we highlight three ex-
periments: first, measuring layer-wise steering
strength for different religious personas; second,
doing the same for racial personas; and finally,
measuring the effects of vector composition. We
first show that for religion, steering strength varies
across religions, and that the layers responsible
for the highest steering performance are also in-
consistent. We see that this effect is inverted for
racial personas, wherein each persona is within a
lower variance of strength, and all personas are
most strongly steered by layers 19-21. Finally,
we show that by averaging the strongest vectors
from each religious persona, as found in experi-
ment one, and subsequently subtracting this vector
from activations across a model rollout, we can
effectively suppress all religious personalization
across all religions using one unified, average vec-
tor. We additionally find that this process of clamp-
ing personalization has minimal to no impact on
the performance of the model on MMLU. This is a
strong finding and shows a pathway to future work
analyzing the composition of persona vectors for
cost effective model behavior tuning.

2 Relevant Work

In this section, we briefly discuss prior works re-
lated to LLM personalization, biases in generation,
and mechanistic methods to identify vectors that
can control traits in LLMs.



2.1 Character Traits in LLMs

LLMs, in many ways, appear to have human-like
“personalities” and “moods". To gain more precise
control over how language models behave, work
has been done to understand what exactly is going
on inside of them. Persona vectors have emerged as
a promising tool to understand the characteristics
and biases AI systems may display. A persona
vector identifies a pattern of activations inside the
model’s neural network that controls a personality
trait or behavior (Chen et al., 2025).

Persona based features have also been linked to
emergent misalignment and can be used to predict
whether a model will exhibit behavior misaligned
with human values (Wang et al., 2025)

2.2 Personalization in LLMs

Personalization of language models can help pro-
vide tailored responses to specific user preferences
(Schneider and Vlachos, 2020). Personalization
is useful in a wide range of applications includ-
ing chatbots, reccomendation systems, content gen-
eration, machine translation, summarization, etc
(Chang et al., 2016; Wuebker et al., 2018; Li
and Tuzhilin, 2020; Xu et al., 2023). Many re-
cent works have focused on personalizing LLMs
to match specific user needs (Woźniak et al., 2024;
Yang et al., 2023).

2.3 Bias in LLMs

A lot of work has shown different forms of bias
exist in NLP and ML systems (Bolukbasi et al.,
2016; Sheng et al., 2019; Sun et al., 2019; Ferrara,
2023; Li et al., 2024).

Recent work has also found that LLMs often
engage in biased behaviour when assigned with
specific personas (Sheng et al., 2021; Gupta et al.,
2024; Vijjini et al., 2025). Often LLMs may engage
in stereotypical responses for certain tasks when
the user’s identity is provided (He et al., 2025).

While these works address and quantify differ-
ent aspects of personalization bias and stereotyping,
we aim to identify the root causes and mechanistic
origins of personalization bias in LLMs through
analysis of the activation patterns drawing inspira-
tion from the persona vectors methodology.

3 Problem Set Up

In this section, we provide details about the dataset
generation, user traits considered, and vector ex-
traction and application.

3.1 Dataset Details

Vector Extraction. We used a frontier LLM (GPT-
5.1) to construct 10 contrastive system prompts,
20 evaluation questions, and an evaluation rubric
per category. As authors, we carefully verified
and edited the evaluation questions to elicit per-
sonalized responses without encouraging harmful
or discriminatory generations. We evaluated 9
traits across 2 categories: religion and race. We
used 5 roll-outs per system prompt (see Appendix
A.2) and evaluation question pair generating ap-
proximately 2000 instances per trait and 18,000
instances total.

Each of the generations per trait was evaluated
according to the rubric by an LLM judge (GPT-4.1-
mini) for coherence and personalization expression.
The positive (personalized) dataset was filtered to
only keep instances which exhibited personaliza-
tion above 50 and the negative (neutral) dataset to
only keep instances which exhibited personaliza-
tion below 50 on a 0-100 scale.

Vector Evaluation. We used the same con-
trastive system prompts and evaluation rubric, but
evaluated on a held-out set of 20 additional ques-
tions also generated using a frontier LLM.

3.2 Models

We conduct all experiments with the open-source
Qwen-2.5-7B-Instruct model.

3.3 Method

Key Insight. Differences in a model’s internal
activations between personalized and neutral gen-
erations revealed layer-specific signals that encode
personalization for a given trait.

Overview. We used the vector extraction dataset
to measure model activations at each layer over
both the prompt and filtered responses for the posi-
tive and negative instances. We subtract the average
activations of the negative instances from the aver-
age activations of the positive instances to obtain a
personalization vector for a specific trait per layer.

Vector Evaluation. We iterate through the per-
sonalization vectors generated at each layer. We
apply the given layer’s vector to every layer of the
model to steer while generating a response on the
vector evaluation dataset. Steering involves simply
adding the extracted vector to the existing internal
activations of the model. We evaluate the responses
using an LLM judge for coherence and personal-
ization expression and log the average expression



over 500 samples.

4 Experimental Results

In this section, we will discuss our experimental
procedure for analysis of layer wise steering ef-
fectiveness. For both the experiment on religious
personalization in 4.1 and race-based personaliza-
tion in 4.2, the method is nearly identical, but the
results are strikingly different. For both race and
religion, we use the following pipeline. 1) For each
identity trait, we load 10 questions from the 20 total
in the dataset. 2) For each layer, we utilize the per-
sona vector calculated at that layer beforehand to
personalize the model’s response. 3) Within each
layer, for each question, we perform 5 rollouts. We
measure the personalization score according to our
method, and calculate an average score for each
trait-vector pair.

This comes out to 10 ∗ 5 ∗ 28 ∗ 9 = 12600 total
rollouts of the model across all traits and layers.
The results and brief discussions are shown below.

4.1 Religion

Research Question. Which specific layers are
responsible for personalization bias in religious
contexts?

As can be seen in Figure 1, our analysis reveals
that the strongest steering vectors for each religion
emerge at different layers within the model. Islam’s
religiosity peaks at layer 10, while Judaism, Hin-
duism, and Christianity reach their maximum effec-
tiveness at layers 13, 15, and 20 respectively. This
variation suggests that religious concepts are not
encoded uniformly within the model’s architecture,
but rather emerge at different depths depending on
the specific religion being represented.

A notable disparity exists in the strength of steer-
ing effects across religions. Christianity demon-
strates substantially stronger results, with a peak
religiosity score of 96%, compared to Judaism’s
second-place score of 52%. A speculative explana-
tion is the composition of training data, which may
contain a disproportionate amount of Christian-
influenced content. This imbalance could mani-
fest in two ways: first, GPT-4o-mini, when serv-
ing as an evaluator, may itself carry biases that
favor Christian-aligned responses; second, the base
models may have developed a more nuanced un-
derstanding of Christian discourse, enabling the
extraction of more effective steering vectors and
consequently stronger behavioral modification.

4.2 Race

Research Question. Which specific layers are
responsible for personalization bias in racial con-
texts?

Unlike religious personalization, race personal-
ization vectors exhibit notably consistent distribu-
tions across the model’s architecture. All racial
categories show peak personalization effects when
steering with vectors extracted from layers 18-
22, with layer 20 frequently demonstrating the
strongest expression as seen in Figure 5 in the Ap-
pendix. This uniformity suggests that the model
encodes racial concepts at similar depths, regard-
less of the specific racial identity being represented.

However, the magnitude of personalization ef-
fects varies across racial groups. Personalization
vectors for Asian American, Native American, His-
panic, and Caucasian identities produce maximum
scores in a relatively narrow range of 28-35. In
contrast, African American personalization dis-
plays notably higher magnitude, scoring approxi-
mately 15 points above other groups with a max-
imum score of 50 when steering with the layer
20 vector. This elevated response may reflect dif-
ferences in how racial identities are represented
within the model’s training data, potentially indicat-
ing a stronger or more distinct encoding of African
American linguistic and cultural patterns.

4.3 Composition of Vectors

Research Question. Can we compose vectors
from the same category together to create a general
vector to counter “religious bias”?

This experiment investigates whether personal-
ization vectors from distinct identities can be com-
posed into a universal steering vector to mitigate
religious bias across faiths.

Religion Baseline Mitigated
Christianity 86.19 0.39
Islam 88.88 1.04
Hinduism 86.83 0.39
Judaism 86.77 0.45

Table 1: Comparison of Religious Personalization
Scores (0-100). The Baseline represents the model
prompted to be religious without intervention. The Mit-
igated column represents the model with the Universal
Vector subtracted.

We synthesized a "Universal Religious Vector"
by averaging activation vectors from the peak ef-
fective layers identified in Experiment 4.1. We



(a) Christianity (b) Hinduism

(c) Islam (d) Judaism

Figure 1: Average scores across different religions.

then applied a surgical intervention by mathemati-
cally subtracting (clamping) this universal vector
from model activations during inference, specifi-
cally targeting layers 11-15 to maximize efficacy
while preserving coherence.

As shown in Table 1, this intervention resulted in
the suppression of religious personalization. Base-
line religiosity scores (86–89) went down to ≤ 1.04
across all categories, showing that despite varying
peak layers, religious bias has a composable direc-
tionality targetable by a single vector. Furthermore,
evaluation on the MMLU benchmark (Figure 6,
Figure 7, Appendix C) confirmed that this mitiga-
tion preserves general reasoning capabilities, with
the mitigated model performing comparably to the
baseline. We conclude that averaging the strongest
vectors from diverse identities creates a strong Uni-
versal Vector that neutralizes personalization bias
without degrading general intelligence.

5 Conclusion

In this work, we investigated the mechanistic ori-
gins of personalization bias, showing different en-
coding patterns across demographics. Racial identi-

ties consistently activate at layers 18-22, while reli-
gious identities have varied activations at each layer.
Despite this variation, we synthesized a "Universal
Religious Vector" by averaging the strongest direc-
tions from diverse identities. By surgically clamp-
ing this vector across layers 11-15, we reduced
religiosity scores from ∼90% to < 1% while main-
taining general reasoning capabilities on MMLU.
The key takeaway is that despite complex and var-
ied identity encoding, personalization bias can be
effectively reduced through unified, category-level
vector interventions without compromising model
intelligence.

Contributions

Rohan generated the personalization vectors for
each of the 9 traits across 2 categories. George,
Vibhas, and Arsh were individually responsible for
experiments 4.1, 4.2, and 4.3.
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A Vector Extraction Pipeline

A.1 System Prompts for Personalization
Figure 3a shows examples of positive system
prompts to elicit religious behavior.

Figure 3b shows examples of negative system
prompts to keep model responses explicitly neutral
and secular.

A.2 Pipeline Overview
Figure 2 shows an overview of the vector extraction
pipeline in a visual format.

A.3 Elicitation Questions
Figure 4a shows a sample of the questions used to
test religious elicitation. Figure 4b shows the same
for race.

B Race Layer analysis

Figure 5 shows the results from experiment 4.2.

C MMLU Performance Analysis

Figure 6 illustrates the impact of our Universal
Vector mitigation strategy on the model’s general
reasoning abilities. The results demonstrate that
the vector subtraction successfully neutralized re-
ligious bias while maintaining high performance
across all evaluated MMLU subjects.
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Figure 2: Overview of the vector extraction pipeline.

(a) Positive System Prompts (b) Negative System Prompts

Figure 3: System Prompts Analysis



(a) Sample Religious Questions (b) Sample Race Questions

Figure 4: Sample Elicitation Questions

(a) African American (b) Asian American (c) Caucasian

(d) Hispanic (e) Native American

Figure 5: Average scores across different races.



Figure 6: Impact of Mitigation on General Intelligence (MMLU). The chart compares the accuracy of the Baseline
model (Red) versus the Mitigated model (Blue) across five diverse subject categories.

Figure 7: MMLU results after assigning various personalization vectors. Also features the results of mitigation, for
comparison.


