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Abstract

We present a study on how and where personas – defined by
distinct sets of human characteristics, values, and beliefs – are
encoded in the representation space of large language models
(LLMs). Using a range of dimension reduction and pattern
recognition methods, we first identify the model layers that
show the greatest divergence in encoding these representations.
We then analyze the activations within a selected layer to ex-
amine how specific personas are encoded relative to others,
including their shared and distinct embedding spaces. We find
that, across multiple pre-trained decoder-only LLMs, the ana-
lyzed personas show large differences in representation space
only within the final third of the decoder layers. We observe
overlapping activations for specific ethical perspectives – such
as moral nihilism and utilitarianism – suggesting a degree of
polysemy. In contrast, political ideologies like conservatism
and liberalism appear to be represented in more distinct re-
gions. These findings help to improve our understanding of
how LLMs internally represent information and can inform fu-
ture efforts in refining the modulation of specific human traits
in LLM outputs. Warning: This paper includes potentially
offensive sample statements.

Introduction
Understanding the mechanisms by which large language mod-
els (LLMs) process information, store knowledge, and gener-
ate outputs remain key open questions in research (Hendrycks
et al. 2021; Wang et al. 2023). One crucial and largely under-
explored aspect of these models is how they encode human
personality traits, ethical views, or political beliefs – often
broadly referred to as personas (Perez et al. 2023).

A persona is a natural language portrayal of an imagined
individual belonging to some demographic group or reflect-
ing certain personality traits (Jiang et al. 2024; Cheng, Dur-
mus, and Jurafsky 2023). Personas are often used to define
the personality or perspective the LLM model should adopt
when interacting with users (Salemi et al. 2024), e.g., by
prompting “Suppose you are a person who . . . ” followed by
a description of a particular trait or belief. For instance, if
the prompt states “. . . is highly agreeable”, the model may
generate more cooperative and empathetic responses. If the
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prompt states “. . . subscribes to the moral philosophy of utili-
tarianism”, the model’s outputs may prioritize maximizing
overall well-being when making ethical decisions. This can
significantly influence language generation by setting a tone
appropriate for the context (e.g., empathetic or professional)
and by affecting behavior and reasoning capabilities.

Personas can enhance user experience and engagement
by making models more relatable and context-aware (Mi-
askiewicz and Kozar 2011; Salminen et al. 2022; Laine et al.
2024), and can improve generated output, such as when an ex-
pert familiar with a specific domain provides more effective
descriptions than an expert from a different field (Salewski
et al. 2023). Personas have also attracted increasing atten-
tion, particularly in the development of trustworthy mod-
els (Miehling et al. 2025; Liu, Diab, and Fried 2024; Luz de
Araujo and Roth 2025). Previous research has demonstrated
that personas may elicit toxic responses and perpetuate stereo-
types in language models (Deshpande et al. 2023; Sheng et al.
2021; Rutinowski et al. 2024; Salewski et al. 2023),1, and
can produce extreme political or cultural views (Dammu et al.
2024; Mazeika et al. 2025). Moreover, personas have been
(mis)used to circumvent built-in safety mechanisms by in-
structing models to adopt specific roles (Kumar et al. 2024;
Shah et al. 2023). Understanding how LLMs encode per-
sonas is essential for harm mitigation methods (Wang et al.
2025), aligning models with diverse beliefs (Abdurahman
et al. 2024), and tailoring outputs to users’ preferences.

Unlike traditional fair-ML decision-making frameworks,
which optimize explicitly defined objectives (e.g., maximiz-
ing utility subject to a fairness metric (Hardt, Price, and
Srebro 2016; Corbett-Davies et al. 2017)), LLMs learn their
decision patterns from massive, largely uncurated text cor-
pora (Perełkiewicz and Poświata 2024; Liu et al. 2024), ren-
dering their latent moral or political predispositions opaque.
It is possible to refine an LLM’s behavior via supervised fine-
tuning on small, carefully curated datasets (Parthasarathy
et al. 2024; Zhang et al. 2024). However, the inherently open-
ended nature of linguistic output makes it difficult to antic-
ipate and constrain every downstream use case. If an LLM
contains a latent political bias or moral preference that goes
undetected, it may systematically privilege certain viewpoints

1For an in-depth discussion of stereotype accuracy and inaccu-
racy in psychology, see Jussim et al. (2015).
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or value systems over others, potentially amplifying polariz-
ing or discriminatory content in high-stakes settings (Motoki,
Pinho Neto, and Rodrigues 2024; Rutinowski et al. 2024;
Santurkar et al. 2023; Chen et al. 2024).

Responsible AI governance demands both transparency
and explainability (“What does the model encode?”) as well
as controllability (“How can we steer or constrain its out-
puts?”) (Ferdaus et al. 2024; Chen et al. 2024). Consequently,
there has been a growing call to better understand how and
where personas are encoded within an LLM’s internal rep-
resentations (Zou et al. 2023; Jentzsch et al. 2019; Ferrando
et al. 2024; Ju et al. 2025). Such insights can improve the
model’s interpretability, transparency, and inform methods
to align LLM outputs with human values (Wu et al. 2025; Ju
et al. 2025).

In this work, we investigate where personas are encoded
in the internal representations of LLMs (see Fig. 1 for an
overview). We rely on a publicly available collection of
model-generated personas (Perez et al. 2023) specifically
focusing on three categories spanning human identity and
behavior: Politics, which includes ideological leanings and
political affiliations that reflect individuals’ values and soci-
etal preferences (e.g., liberal, conservative); Ethics, which
captures moral reasoning and value-based judgments, cen-
tral to human decision-making and social interactions (e.g.,
deontology, utilitarianism); and Primary Personality Traits
(Personality), based on the Big Five model (Roccas et al.
2002; Gosling, Rentfrow, and Swann Jr 2003), which pro-
vides a comprehensive framework for understanding human
behavior and interpersonal dynamics (e.g., agreeableness,
conscientiousness). These personas span a wide range of val-
ues, beliefs, and social preferences, providing a grounded
basis for studying how LLMs encode complex human at-
tributes (Gosling, Rentfrow, and Swann Jr 2003).

We feed statements associated with different personas (see
Fig. 1a) into various LLMs and extract their internal repre-
sentations (i.e., activation vectors). We then analyze these
representations to address the following two questions:
• (Q1) Where in the model are persona representations en-

coded? Specifically, which layers in the LLM exhibit the
strongest signals for encoding persona-specific informa-
tion (see Fig. 1b)?

• (Q2) How do these representations vary across different
personas? In particular, are there consistent, uniquely ac-
tivated locations within a given LLM layer where distinct
persona representations are encoded (see Fig. 1c)?

This approach enables us to systematically investigate how
LLMs process and differentiate persona-related information.
Our main findings are:

• The final third segment of layers (across Llama3-8B-
Instruct (Llama3), Granite-7B-Instruct, and Mistral-7B-
Instruct) captures the most variance in persona represen-
tations, with the last layers exhibiting the strongest sep-
arability along principal components. This suggests that
higher-level semantic abstractions related to human values
are encoded in later layers of the model families. Llama3
exhibits the largest separation across layers and personas,
with the last layer showing the clearest separation.

• For embeddings in Llama3’s last layer, we find that per-
sonas of different ethical values exhibit the highest acti-
vation overlap (17.6% of the embedding vector), while
personas with different political beliefs have the most
uniquely associated activations (2.1%–5.5%). This sug-
gests that political views are more distinctly localized,
while ethical views are more polysemous, sharing activa-
tions across multiple concepts.

The remainder of the paper is structured as follows: We
first review related work, followed by a detailed overview of
the study design, dataset, and models, then we describe the
methods used for our analysis, present our empirical results
and associated discussion, and finally summarize the paper,
identify limitations, and provides directions for future work.

Related Work
Behavior and Value Encoding in LLMs. Early work ar-
gues that representations in BERT (Devlin et al. 2019) can
reveal the implicit moral and ethical values embedded in
text (Schramowski et al. 2019). These studies focus on quan-
tifying deontological ethics, which determine whether an
action is intrinsically right or wrong by analyzing output em-
beddings. We extend these ideas to a broader spectrum of
human values, beliefs, and traits consisting of 14 different
personas. Furthermore, we look at internal representations
rather than output embeddings.

More recently, understanding an LLM’s representations at
different layers and token embeddings has gained increased
attention (Zou et al. 2023; Ghandeharioun et al. 2024; Singh
et al. 2024), aiming to understand how concepts are repre-
sented within an LLM’s (decoder) neural network, e.g., by
generating human-understandable translations of informa-
tion encoded in hidden representations (Ghandeharioun et al.
2024). In the context of human behavior, prior work has
shown how neural activity across all layers can build feature
vectors for honest and dishonest behavior detection (Zou et al.
2023). In contrast, our work focuses on identifying subsets of
the activation vector that are most representative of a given
persona.

The work most related to ours (Ju et al. 2025), performed
(parallel to us) a layer-wise analysis of how LLMs encode
three Big Five traits by training supervised classifiers on last-
token embeddings and using layer-wise perturbations to edit
expressed personalities. In contrast, we (i) probe a broader
set of moral, personality, and political personas, (ii) identify
the minimal subset of embedding dimensions in each layer
that drives each persona, and (iii) quantify overlaps between
these persona embedding subsets. We link those overlaps
to a phenomenon that is often described as polysemanticity,
where individual neurons respond to mixtures of seemingly
unrelated inputs, which affects interpretability and impacts
the generation process (Scherlis et al. 2022; Arora et al. 2018).
While we do not edit embeddings in this work, these findings
open the door for more efficient, fine-grained interventions.

Deep Scan. Deep Scan has been predominantly used to de-
tect anomalous samples in various computer vision, text, and
audio tasks by analyzing patterns in neural networks (Rateike
et al. 2023; Akinwande et al. 2020; Cintas et al. 2022). Recent
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(a) Persona-specific datasets. (b) PCA of activations.

(c) Overlap of salient sets of activations.

Figure 1: Overview of our study for Llama3 on persona topic Politics. (a) Examples of MATCHINGBEHAVIOR (+) and NOT-
MATCHINGBEHAVIOR (–) persona statements. (b) PCA of representations for + and - sentences for anti-immigration (Q1). (c)
Overlap of sets of salient last-layer activations from + sentences, as identified by Deep Scan (Q2). UpSet plot visualizes different
sets of personas (connected dots on bottom) and how many salient activations are intersecting (vertical bars). We observe that the
highest intersection corresponds to sentences from politically-conservative and politically-liberal.

work has also taken initial steps in exploring which subsets
of activations are most responsible for encoding harmful con-
cepts, such as toxicity (Rateike et al. 2023). We build on this
work and extend it by focusing exclusively on measuring the
localization consistency and uniqueness of activations that
encode human beliefs, values, and traits as personas in LLMs.
Our study offers a systematic framework for localizing per-
sona representations and their interactions in LLMs.

Study Design

This section outlines the study design, including the socio-
technical motivation, the dataset selection and assumptions,
the models used, and the motivation for our research ques-
tions.

Socio-technical Motivation
The Big Five (openness, conscientiousness, extraversion,
agreeableness, neuroticism) provide a well-validated frame-
work for describing individual behavioral regularities or per-
sonality traits, which distinguish persons that are invariant
over time and across situations (Goldberg 2013; John, Nau-
mann, and Soto 2008). McCrae and Costa Jr (1994) argue that
this framework shows the stability and consistency of person-
ality traits, which help to predict how people will behave over
time when placed in different situations. In human contexts,
these traits correlate with patterns of decision-making (Özbağ
2016; Judge and Zapata 2015), social interaction (Baptiste
2018), and even vulnerability to manipulation (Argyle et al.
2023; Babakr and Fatahi 2023; Grover and Amit 2024). A
growing body of work has leveraged the Big Five person-
ality model to better understand LLM behavior, e.g., how
prompts with personality trait information influences the out-
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put (Mieleszczenko-Kowszewicz et al. 2024), the capacity of
LLMs to infer Big Five personality traits from dialogues (Yan
et al. 2024), the behavior of persona-instructed LLMs on per-
sonality tests, and creative writing tasks (Jiang et al. 2024).

As LLMs are increasingly used to support decision-making
in high-stakes scenarios, it is important to understand which
ethical perspective governs a model’s proposed solution. Prior
work has examined the alignment between LLM-driven de-
cisions and human moral judgments through the lens of
persona-based prompting (Garcia, Qian, and Palminteri 2024;
Kim et al. 2025), showing, for instance, that political per-
sonas can significantly influence model behavior in ethical
dilemmas (Kim et al. 2025). Other studies have developed
benchmarks and systematic evaluations to assess the moral
identity and decision-making patterns of LLMs (Ji et al. 2025;
Lei et al. 2024). Others found fine-tuning to be a promising
strategy for aligning LLM agents more closely with human
values (Tennant, Hailes, and Musolesi 2025).

LLMs exposed to vast amounts of political text may inter-
nalize subtle political biases (Rutinowski et al. 2024; Motoki,
Pinho Neto, and Rodrigues 2024). Such systematic leanings,
e.g., when LLMs are used in chatbots, summarizers, and rec-
ommendation systems, can undermine democratic discourse,
skew the information ecosystem, and disenfranchise hetero-
dox viewpoints (Chen et al. 2022). Recent studies have shown
that instruction-tuned LLMs can simulate divergent politi-
cal viewpoints—sometimes classifying the same news outlet
differently across runs—and often disagree with expert or
human-annotated stances (Stammbach et al. 2024).

Finally, personality, ethics, and politics do not operate in
isolation. For example, a model’s moral reasoning may shift
when presented through a particular political lens (e.g., justi-
fications for decisions can be different for a conservative utili-
tarian than for a liberal utilitarian persona). Existing work has
examined the output of LLMs with regard to personas with
different combinations of demographics (Cheng, Durmus,
and Jurafsky 2023; Khan et al. 2025; Magnossão de Paula
et al. 2025). Here, as a first step toward exploring the inter-
sections of personas across ethical, political, and personality
dimensions, we examine the overlap in their embeddings.

Persona Datasets and Assumptions
Our experiments are based on the model-generated personas
(Perez et al. 2023), consisting of statements written from the
perspective of individuals with specific personalities, beliefs,
or viewpoints (e.g., extraversion and agreeableness).2 Each
statement has an associated (model-generated) label indicat-
ing whether it matches the behavior of the corresponding
persona dimension. For example, in the extraversion dataset,
the sentence “Lively, adventurous, willing to take risks” is
labeled as MATCHINGBEHAVIOR, whereas “I am quiet and
don’t socialize much” is labeled as NOTMATCHINGBEHAV-
IOR. As discussed in (Perez et al. 2023), an LLM was used
to generate both the label and an associated confidence score.
Detailed descriptions of the methodology used for the genera-
tion of these statements, the labeling process, and verification

2For a critical discussion on synthetic persona generation refer
to Haxvig (2024).

can be found in the original paper (Perez et al. 2023).

Persona Dimensions. Our work analyzes personas across
three categories: personality, ethical theories, and political
views. We examine three subsets of those topics, resulting in
fourteen datasets:

• Primary Personality Dimensions, which relies on the Big
Five (Goldberg 2013; Roccas et al. 2002), a widely recog-
nized framework for understanding human behavior and
interpersonal dynamics. The five personas considered are
characterized by agreeableness (AGREE), conscientious-
ness (CONSC), openness (OPEN), extraversion (EXTRA),
and neuroticism (NEURO).

• Ethical Theories, which influence moral reasoning and
value-based judgment and are central to decision-making
and social interactions. The five personas considered
are subscribes-to-virtue-ethics (VIRTUE), subscribes-
to-culturalrelativism (RELAT), subscribes-to-deontology
(DEONT), subscribes-to-utilitarianism (UTILI), and
subscribes-to-moralnihilism (NIHIL).

• Political Views, which capture ideological leanings and po-
litical affiliations, reflecting individuals’ values and pref-
erences for societal order. We consider a subset of four
personas:3 politically-conservative (CONS), politically-
liberal (LIBER), anti-immigration (IMMI), and anti-
LGBTQ-rights (LGBTQ).

For examples of each of the above personas and more expla-
nations, refer to Appendix Tab. 3.4 By examining these three
topics of personas, we can uncover the interplay between
these facets.

Following (Miehling et al. 2025), we filter the original
dimensions based on a minimum number of sufficiently con-
fident examples. We impose a minimum label confidence
of 0.85 and a minimum count of 300 for each direction,
MATCHINGBEHAVIOR and NOTMATCHINGBEHAVIOR, of
each persona dimension, resulting in a total of 600 examples
per persona dataset.

Assumptions of the Dataset. A key assumption underlying
the dataset, which is crucial for interpreting our study, is that
a NOTMATCHINGBEHAVIOR label does not inherently imply
MATCHINGBEHAVIOR for a different persona.5 For example,
a statement from the politically-liberal dataset labeled as
NOTMATCHINGBEHAVIOR does not automatically mean it
aligns with sentences in the politically-conservative dataset.
Consider the sentence: “Women should be subservient to
men.” This appears in the politically-liberal dataset with
a NOTMATCHINGBEHAVIOR label, but this does not imply
that a similar sentence exists in the politically-conservative
dataset (and, in fact, does not). At the same time, we do
observe some overlap between persona datasets. For instance,

3We exclude BELIEVES-IN-GUNRIGHTS and BELIEVES-
ABORTION-SHOULD-BE-ILLEGAL.

4The appendices for this paper can be found in the complete
ArXiv version https://arxiv.org/pdf/2505.24539.

5Prompts asked for statements the persona “would agree with,
but others would disagree with,” where others refers to any persona
not aligned with the one under consideration (Perez et al. 2023).
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the sentence “I support marriage equality and LGBTQ rights.”
is labeled as MATCHINGBEHAVIOR in the politically-liberal
dataset and NOTMATCHINGBEHAVIOR in the anti-LGBTQ-
rights dataset. It is crucial to understand that the label does
not indicate movement along a continuous axis but instead
indicates the presence of a behavior.

Selection of LLMs and Embedding Vectors
We study the internal representations of three models,
Llama3-8B-Instruct (Llama3) (AI@Meta 2024), Granite-7B-
Instruct (Granite) (IBM Granite Team 2023), and Mistral-
7B-Instruct (Mistral) (Jiang et al. 2023). We focus on instruct
models because, unlike base LLMs that rely on a next-word
prediction objective, instruct models are fine-tuned specifi-
cally for instruction following (Zhang et al. 2024). They are
typically trained using supervised fine-tuning with question-
answer pairs annotated by human experts and reinforcement
learning with human feedback, allowing them to learn which
responses are most useful or relevant to humans (Cheng et al.
2024). As a result, these models are likely better trained to ad-
here to persona behaviors. Additionally, instruct models tend
to exhibit more predictable behavior than base models (Zhang
et al. 2024), making them more reliable for controlled experi-
ments.

We extract the representation vectors at each layer from
each model’s forward pass when processing MATCHING-
BEHAVIOR and NOTMATCHINGBEHAVIOR statements for a
given dimension. We only keep the vector corresponding to
the last token of each sentence at each layer as it contains
relevant and summarized information of the whole sentence
(Sun et al. 2019). All models considered in this study are
decoder-only models with 32 layers, and the activation vec-
tor from the last token has a shape of (1, 4096). For a more
detailed description of the specific models, see Appendix B.

Research Questions
As introduced above, in this study, we aim to answer two
key questions: (Q1) Where in the model are persona repre-
sentations encoded? (Q2) How do these representations vary
across different personas?

For (Q1), we investigate which layers in LLMs exhibit
the strongest signal for encoding persona-specific informa-
tion. This is important because knowing the layer-wise dis-
tribution of persona features can provide better insights into
how complex behavioral and human characteristics are en-
coded in the model. Such insights could drive improvements
in model interpretability and enable targeted interventions.
Prior work has shown that transformer architectures tend to
localize different types of linguistic and semantic informa-
tion in distinct layers (Tseng et al. 2024), yet the encoding of
persona-specific characteristics remains under-explored.

For (Q2), we seek to determine whether there are consis-
tent, unique locations within a given LLM layer where dis-
tinct persona representations are encoded. Uncovering such
patterns is crucial to understanding whether persona features
are confined to specific subspaces within the model. This find-
ing could facilitate more effective methods for controlling
and customizing LLM outputs according to desired persona
traits. Previous research in neural network interpretability

has identified specialized neurons for various linguistic func-
tions (Wang et al. 2023). Similar structures regarding persona
representations have not yet been studied.

Localization of Persona Representations
We provide an overview of the methods used to localize per-
sona representations in LLMs. We first describe the methods
used to identify and validate the layer in a given model where
the embeddings of a specific persona differ most from those
of others, then present the approach for identifying the subset
of activations within that layer that play a critical role in
encoding a particular persona compared to other personas.

Identifying Layers With Strongest Persona
Representations
To investigate where persona representations are en-
coded (Q1), we aim to identify the model layer
at which the embeddings for a specific persona
(MATCHINGBEHAVIOR) deviate most from those of
other personas (NOTMATCHINGBEHAVIOR).6

For a given layer, let e+ represent the set of embedding
vectors corresponding to MATCHINGBEHAVIOR sentences,
and e− represent the set of embedding vectors correspond-
ing to NOTMATCHINGBEHAVIOR sentences. Given the high-
dimensional nature of these embeddings, we perform dimen-
sionality reduction and compute their principal components
(PCs) over the combined set of embeddings (e+ ∪ e−). We
denote the embeddings in the PC space as q+ for MATCH-
INGBEHAVIOR and q− for NOTMATCHINGBEHAVIOR.7 We
use several clustering metrics to quantify the differences be-
tween these two sets. Thereby, we treat each set, q+ and q−,
as a cluster and compute the following distance metrics and
scores.8 We report results in the next section over five inde-
pendent runs, each using q+ = q− = 100 randomly sampled
data points.

Calinski-Harabasz Score. The score is defined as the ratio
of the sum of between-cluster dispersion (BCD) and within-
cluster dispersion (WCD) (Caliński and Harabasz 1974).
BCD measures how well clusters are separated from each
other. WCD measures the cluster compactness or cohesive-
ness.

Silhouette Score. The score is calculated using the mean
intra-cluster distance and the mean nearest-cluster distance
for each sample (Rousseeuw 1987). Values near 0 would
indicate that representations from q+ and q− overlap, thus
indicating non-sufficient capabilities to capture the given
dimension.

Davies-Bouldin Score. The score is defined as the average
similarity metric of each cluster with its most similar clus-
ter, where similarity is the ratio of within-cluster distances
to between-cluster distances (Davies and Bouldin 1979; Pe-
dregosa et al. 2011). Thus, farther apart and less dispersed
clusters will result in a better score.

6See the assumptions of the dataset in the previous section.
7Explained variance ratio across 14 dimension: 0.657 to 0.898.
8We use the scikit-learn implementations (Pedregosa et al. 2011).
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Euclidean Distance. We measure the Euclidean distance
between centroids C+ and C−; where Cj =

∑
p∈Conv(qj) p

|Conv(qj)| ,
with the convex hull Conv(qj) as the minimal convex set
containing all points p in qj .

Identifying a Layer’s Activations With Strongest
Persona Representations
For our second question (Q2), we examine whether there
are consistent activation patterns – distinct groups within
sentence embedding vectors – that systematically encode
different personas within a given layer. Inspired by previous
work (Rateike et al. 2023; Cintas et al. 2022), we adopt
Deep Scan to analyze systematic shifts in neural network
activation spaces. See above for additional related work. We
now present the method formally.

Let an LLM encode a statement Xm at a layer into an
activation vector em. For instance, em could represent the
last token embedding from the final layer of a Llama3 model,
given the input statement Xm: “I believe strongly in family
values and traditions,” which is a sample sentence labeled as
MATCHINGBEHAVIOR for the CONS dimension.

Each activation vector em consists of J activation units
emj . The positions in this activation vector form the set of
O = {O1 · · ·OJ} elements. Thus, J is the dimensionality of
the embedding space, e.g., for Llama3, J = 4096. Consider a
set of statements from a given persona dataset (e.g., CONSC),
denoted as X = {X1, . . . , XM}. Let XS ⊆ X and OS ⊆ O,
then we define a subset as S = XS ×OS . We call this a sub-
set of sentences and activations. Our goal is to find the most
persona-specific subset. To do this, we use a score function
F (S), which quantifies the anomalousness of a subset S. For
instance, given the CONS dataset, the scoring function F (S′)
with S′ = {Xm}×{Oj} measures how divergent the last to-
ken representation of a sentence Xm, is at a given embedding
position Oj , compared to the last token representations of all
other sentences that are labeled MATCHINGBEHAVIOR. Thus,
Deep Scan seeks to find the most salient subset of activations:
S∗ = argmaxS F (S). To efficiently search for this subset,
Deep Scan uses non-parametric scan statistics (NPSS) (Mc-
Fowland, Speakman, and Neill 2013). There are three steps
to using NPSS on the LLM’s activation vectors:
1. Expectation: Forming a distribution of “expected” values

at each position Oj of the activation vector. We call this
expectation our null hypothesis H0. Here, we generate the
expected distribution over the set of embedding vectors
corresponding to NOTMATCHINGBEHAVIOR sentences.

2. Comparison: Comparison of embeddings of test set sen-
tences against our expectation H0. The test set may con-
tain statements from the same distribution as H0 (e.g.,
NOTMATCHINGBEHAVIOR) and from the alternative hy-
pothesis H1 (e.g, MATCHINGBEHAVIOR), which is the
hypothesis we are interested in localizing. For each test
activation emj , corresponding to a test sentence Xm and
activation position Oj , we compute an empirical p-value.
This is defined as the fraction of embeddings from H0

(Step 1) that exceed the activation value emj .
3. Scoring: We measure the degree of saliency of the result-

ing test p-values by finding XS and OS that maximize

the score function F , which estimates how much the ob-
served distribution of p-values from Step 2 deviates from
expectation.

Deep Scan uses an iterative ascent procedure that alter-
nates between: 1) identifying the most persona-driven subset
of sentences for a fixed subset of activation units, and 2)
identifying the most persona-driven subset of activations that
maximizes the score for a fixed subset of sentences. For more
details on Deep Scan, refer to prior work (Rateike et al. 2023;
Cintas et al. 2022). This results in the most persona-driven
subset S∗ = XS∗ ×OS∗ , where OS∗ is the localization of a
given persona in our study.

Localization Levels. We localize personas at different lev-
els of granularity, corresponding to different hypotheses H0

and H1 (see Table 2): At Level 2 (inter-persona), we iden-
tify activations that differentiate MATCHINGBEHAVIOR from
NOTMATCHINGBEHAVIOR sentences within the same per-
sona (e.g., CONS+ vs. CONS−); at Level 1 (intra-topic), we
identify activations distinguishing a specific persona from
all other personas within the same topic (e.g., CONS+ vs.
{LIBER+ ∪ IMMI+ ∪ LGBTQ+}); at Level 0 (inter-topic), we
identify activations that are common to all personas within a
topic and differentiate them from those in other topics (e.g.,
Politics+ vs. {Ethics+ ∪ Personality+}).

Precision and Recall of Sentences Subset. To validate
the usefulness of the identified salient activations OS∗ , we
report precision and recall of the corresponding subset of
sentences identified XS∗ with respect to the identification
hypothesis H1. In our context, precision is the fraction of
test sentences in XS∗ that truly satisfy H1 (accuracy of our
positive detections), and recall is the fraction of test sentences
that satisfy H1 and are included in XS∗ (coverage).

Results
We now present and discuss our findings related to our re-
search questions, (Q1) and (Q2), as outlined above. 9 We
denote the first layer (simple input layer) as 0, and the last
layer as 31.

(Q1) Which Layers and Models Show the Strongest
Signal for Persona Representations?
We first study which layers provide the strongest signals
for encoding personas for different LLMs. Specifically,
we identify the layer that exhibits the greatest divergence
between the principal components (PCs) of the last to-
ken representations for sentences corresponding to a given
persona—comparing q+ (MATCHINGBEHAVIOR) and q−
(NOTMATCHINGBEHAVIOR) sentences using the methods
described above. Our findings lay the groundwork for our
next step, where we seek to localize sets of activations within
a layer encoding persona information.

Results. Fig. 1b shows the first three PC embeddings for
the IMMI persona across several layers, comparing q+ and q−
embeddings. The PC embeddings overlap considerably in the

9Code at https://github.com/IBM/personas-llms-analysis.
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Figure 2: (Q1) Euclidean distances between PCA convex
hull centroids for MATCHINGBEHAVIOR vs. NOTMATCH-
INGBEHAVIOR sentences averaged over Primary Personality
Dimensions.

initial layer, while later layers show increasing separation—
with the clearest distinction in the final layer of Llama3.
We find similar trends for other models and personas (see
Appendix Fig. 7 and 8).

We use the metrics described above to quantify the separa-
tion between the two embedding groups. Fig. 2 shows the Eu-
clidean distances (for all three models) between the centroids
of the convex hulls for the two groups of clusters q−∪ q+, av-
eraged over Primary Personality Dimensions personas. See
Appendix Fig. 6 for all personas. Across the models, the
largest distances are found in the later layers (20–31). Tab. 1
reports additional metrics evaluating the separation, overlap,
and compactness of the groups q− and q+. Most measures
indicate that the final layer of Llama3 achieves the strongest
separation. We find, however, that for some personas, certain
metrics favor earlier layers or other models. This suggests
that while Llama3 generally provides the best overall sepa-
ration, for persona-specific applications, evaluating different
metrics and models might be beneficial.

Overall, later layers exhibit the greatest separation between
q+ and q− across LLMs, indicating that persona representa-
tions become increasingly refined, with final layers encod-
ing the most discriminative features. This aligns with prior
work showing that higher layers capture more contextual-
ized, task-specific information (Ju et al. 2024). Among the
models tested, Llama3 demonstrated the strongest separation
and most cohesive clusters in its final layer, suggesting it
most effectively encodes persona-specific information. Con-
sequently, our subsequent analysis focuses exclusively on the
last-layer representations of Llama3.

Topic ℓ SH (↑) CH (↑) ED (↑) DB (↓)

AGREE
1 0.500 340.6⋆ 0.403 0.731
31 0.792 3264.5 27.57 0.326

CONSC
1 0.635 718.8 0.370 0.569
31 0.813 4150.4 27.47 0.285

OPEN
1 0.602 570.2 0.414 0.645
31 0.795 3564.1 27.60 0.319

EXTRA
1 0.578 527.5 0.382 0.705
31 0.788 3176.5 27.47 0.330

NEURO 1 0.584 615.0 0.378 0.686
31 0.796 3372.4 27.22 0.306

Table 1: (Q1) Separation of principal component representa-
tions in early (1) vs. late (31) layers (ℓ) of Llama3 for Person-
ality personas. Metrics: Silhouette (Si), Calinski-Harabasz
(CH), Euclidean (ED), and Davies-Bouldin (DB). Results are
averaged over five seeds (std=0.00, except ⋆ ≈ 0.1). Best
result across layers and models.

(Q2) Are There Unique Locations of Persona
Representations Within Layers?
Next, we investigate whether distinct, consistent activation
groups within a layer encode different personas. Building
on our previous findings, we compare the last token repre-
sentations from Llama3 for MATCHINGBEHAVIOR versus
NOTMATCHINGBEHAVIOR sentences. We use Deep Scan
(see above) to identify the activation subsets most indicative
of persona-specific information OS∗ , which we refer to as
salient activations.

Results. First, we validate the Deep Scan results. In Tab. 2
(Level 2), we report precision and recall of the correspond-
ing XS∗ . We find high precision and recall for all 14 per-
sonas, with the precision ranging from 0.778 (NIHIL) to 0.999
(CONSC) and recall from 0.76 (NEURO) to 0.998 (AGREE).
This showcases that the found OS∗ contains information
needed to detect MATCHINGBEHAVIOR of a sentence for a
given dimension.

After successful validation, we examine the overlap of
salient activation subsets within personas of the same topic,
namely Ethics (Fig. 3b), Politics (Fig. 1c), and Personality
(Fig. 3a). Recall that the full embedding vector has a dimen-
sion of 4096 activations. For Ethics personas, only a small
fraction of activations are unique—ranging from 0.37% (15
activations) to 1.39% (57)—indicating that few nodes exclu-
sively differentiate each persona. In contrast, we find a sub-
stantial overlap among these personas, with 17.55% (719) of
the activation vector shared across all. This suggests strong
polysemanticity, where the same activation contributes to
multiple ethical representations. In comparison, Politics per-
sonas display much lower overlap, with only 9.42% (386)
shared activations across all. Personality personas show a
similarly modest overlap at 7.62% (312). Politics personas,
however, exhibit a larger set of unique activations per persona,
ranging from 2.05% (84) to 5.54% (227). Unique activations
for Personality personas similarly range from 1.51% (62) to
5.10% (209). These findings suggest that individual Politics—
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(a) Personality personas.

(b) Ethics personas.

Figure 3: (Q2) Upset plots illustrating the overlap of sets of salient last-layer activations from MATCHINGBEHAVIOR sentences,
as identified by Deep Scan. Each bar represents the number of activations shared by a specific combination of personas.

and to a slightly lesser extent, Personality—personas are char-
acterized by more distinct activation patterns. Overall, we
observe substantial variation overlap across the three topics.
Political Views and Primary Persona Dimensions appear to be
encoded in distinct regions in the final-layer last embeddings
of Llama3, whereas Ethical Theories share a larger activation
overlap with different persona types. High-overlap regions
suggest challenges in fine-grained persona control, poten-
tially requiring disentanglement strategies, while minimal-
overlap personas exhibit separability that may indicate more
consistent downstream generation. These results and analysis
can guide future approaches to achieve more coherent and
specific persona-driven interactions in LLMs.

What Are the Activation Interactions Between
Groups of Personas?
Now, we shift our focus to understanding whether we can
differentiate between groups of specific personas (only using
MATCHINGBEHAVIOR sentences) based on their embeddings.
Specifically, we are interested if we can: (i) distinguish inter-
topics, between personas associated with a particular topic
(e.g., Politics) from other topics, e.g., {Ethics ∪Personality},

and ii) distinguish intra-topic between a single persona within
a topic (e.g., LIBER) and other personas within the same topic,
e.g., {CONS ∪ LGBTQ ∪ IMMI}. We believe this can provide
insights on different levels of granularity that can inform
interventions to generate output within a given persona.

Results. We validate our results by reporting the precision
and recall of our salient node detection method (see Tab. 2).
We achieve high performance at inter-topic Level 0. The
lowest precision is 0.885 (Politics), and the lowest recall is
0.842 (Ethics). This suggests that our approach is highly
effective at identifying topic-level activation patterns that
all personas within a topic share and separating them from
personas of other topics.

In contrast, our results are mixed at intra-topic Level 1. For
4 of the 14 evaluated personas, we observe high precision
(ranging from 0.74 to 0.97) and high recall (ranging from
0.79 to 0.98), indicating reliable detection in these cases.
However, for the remaining 9 personas, precision falls (ma-
jority ranging from 0.42 to 0.63, with the exception of UTILI
at 0.93), and recall is generally lower (ranging from 0.66
to 0.96). This suggests that we can detect broad, inter-topic
differences, and patterns are found to be less consistent for
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Level H0 H1 Precision (↑) Recall (↑)

Level 2
Intra-

Persona

CONSC− CONSC+ 0.8387± 0.0399 0.8181± 0.0765
LIBER− LIBER+ 0.8939± 0.0507 0.8056± 0.0769
IMMI− IMMI+ 0.8167± 0.0507 0.8282± 0.0711
LGBTQ− LGBTQ+ 0.9575± 0.0340 0.9365± 0.0684
EXTRA− EXTRA+ 0.9457± 0.0268 0.8901± 0.0542
NEURO− NEURO+ 0.9540± 0.0323 0.7565± 0.1142
AGREE− AGREE+ 0.9971± 0.0113 0.9979± 0.0098
OPEN− OPEN+ 0.9998± 0.0003 0.9772± 0.0422
CONSC− CONSC+ 0.9992± 0.0001 0.9545± 0.0487
RELAT− RELAT+ 0.8352± 0.0629 0.7767± 0.0850
NIHIL− NIHIL+ 0.7777± 0.0569 0.7817± 0.0831
UTILI− UTILI+ 0.8316± 0.0357 0.7937± 0.0548
VIRTUE− VIRTUE+ 0.8852± 0.0386 0.8303± 0.0638
DEONT− DEONT+ 0.7681± 0.0800 0.7977± 0.1105

Level 1
Inter-
Topic

all CONSC+ 0.4739± 0.0238 0.7842± 0.0810
all LIBER+ 0.5729± 0.0304 0.8953± 0.0414
all IMMI+ 0.7401± 0.1462 0.9814± 0.0302
all LGBTQ+ 0.9742± 0.0465 0.9030± 0.0525
all EXTRA+ 0.5720± 0.1320 0.8573± 0.1017
all NEURO+ 0.9028± 0.0843 0.9242± 0.0595
all AGREE+ 0.4193± 0.0403 0.7131± 0.1078
all OPEN+ 0.5210± 0.0904 0.8943± 0.0593
all CONSC+ 0.4748± 0.0315 0.8367± 0.1182
all RELAT+ 0.5051± 0.0151 0.9458± 0.0512
all NIHIL+ 0.9615± 0.0370 0.7927± 0.0860
all UTILI+ 0.9282± 0.1698 0.4997± 0.1916
all VIRTUE+ 0.6278± 0.1723 0.8911± 0.0471
all DEONT+ 0.4442± 0.1501 0.6616± 0.2216

Level 0
Intra-
Topic

all Politics+ 0.8850± 0.2070 0.9511± 0.0433
all Ethics+ 0.9958± 0.0103 0.8420± 0.0541
all Personality+ 0.9799± 0.0258 0.8682± 0.0701

Table 2: (Q1, Q2) Validation of usefulness of salient acti-
vations OS∗ in detecting sentences XS∗ w.r.t. detection hy-
pothesis H1 at different levels. MATCHINGBEHAVIOR (+)
and NOTMATCHINGBEHAVIOR (-) sentences. “all” indicat-
ing all other relevant personas, e.g., for Level 1 CONS+,
all= {LIBER+ ∪ IMMI+ ∪ LGBTQ+}; for Level 0 Politics+,
all={Ethics+ ∪ Personality+}. Mean ± std over 100 indep.
Deep Scan runs, and 200 random test samples. High/low de-
tection power.

intra-topic distinctions—possibly due to overlapping acti-
vation patterns or less pronounced differentiating features
among some personas.

Given these observations, we focus only on the interplay
between salient activations of Level 0 and Level 2 in the fur-
ther analysis. First, at Level 0, we find no overlap among
salient activations of all three topics—Ethics, Personality,
and Politics. In pairwise comparisons, we observe that there
is no overlap between Ethics and Personality, a modest over-
lap of approximately 7% of activations between Ethics and
Politics, and the largest overlap of roughly 12% between
Politics and Personality. Consequently, the unique nodes at-
tributed to each topic are about 93% for Ethics, 88% for
Personality, and 85% for Politics10. These findings suggest
that distinct activation locations characterize each topic. At
the same time, a certain degree of commonality (polyseman-
ticity) remains—particularly between Politics and Personal-
ity—which may reflect shared underlying conceptual features

10For a visualization, see Appendix Fig. 10.

Figure 4: (Q2) Overlap of salient activations between topics
and sampled persona from each topic.

in their representations.
Lastly, we are interested in understanding how the inter-

topic activations (Level 0) relate to more detailed inter-
persona patterns (Level 2). In Fig. 4, we show the overlap of
salient activations between these levels for one example per-
sona per topic. We observe an overlap of 25% of the salient ac-
tivations between Politics and political persona CONSC. Sim-
ilarly, for Personality and personality trait EXTRA, we find a
21% overlap, and for Ethics and ethical persona VIRTUE, a
20% overlap.

These findings suggest that a significant portion of a per-
sona’s encoding includes topic information, while the ob-
served overlaps with other persona topics indicate that some
activations are shared across these representational spaces.

Summary, Limitations, and Future Work
We investigated where LLMs encode persona-related infor-
mation within their internal representations, analyzing last to-
ken activation vectors from 3 families of decoder-only LLMs
using persona-specific statements from 14 datasets across
Politics, Ethics, and Personality topics. Our PCA showed the
strongest signal in separating persona information in final
third of layers. Results using Deep Scan suggested that politi-
cal views have distinctly localized activations in the last layer
of Llama3, and ethical values show greater polysemantic
overlap.

Our analysis is specific to the selected dataset and may not
generalize to other data sources. The datasets are written in
English and primarily reflect WEIRD perspectives11 (Abdu-
rahman et al. 2024), and political views largely centered on
U.S. politics. In addition, the dataset itself is LLM-generated,
which has several shortcomings. First, understanding of how
artificial data differs from human data is still an active re-

11Western, Educated, Industrialized, Rich, Democratic population
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search field (Das et al. 2024). For example, personas gener-
ated by instruction-tuned LLMs have been shown to exhibit
low syntactic and semantic diversity (Mohammadi 2024).
Second, our analysis examines LLM internal representations
presenting the model with inputs produced by a (different)
LLM. Prior work has found indications of LLMs capabilities
to recognize text that closely aligns with their own generation
patterns (Panickssery, Bowman, and Feng 2024). Such effect,
if occurring in our setup, could undermine the validity of our
findings.

Future research should explore a wider range of models,
personas and datasets, and incorporate beliefs, values, and
traits from more diverse cultural contexts. Finally, the meth-
ods deployed in this analysis are finding correlations between
personas and their patterns in the activation space. To investi-
gate if found activations are also causal for generating spe-
cific personas, future work should explore controlled editing
of internal representations, which may offer deeper insights
into the mechanisms underlying how large language models
encode personas.

Impact Statement
Our work investigates how personality traits, ethical values,
and political beliefs are encoded within LLMs. By analyzing
the internal representations of these personas across different
LLMs, we provide concrete insights into where these models
internalize human values and behaviors. Our findings also
offer opportunities for future research on aligning LLM out-
puts more nuancedly with societal values, such as ensuring a
diversity of beliefs and values or enhancing safer user-centric
experiences, for example, by improving persona-specific re-
sponses.

Ethical Considerations
Several ethical considerations need to be considered with this
work. The act of reducing persona traits, morals perspectives,
and ethical views to low-dimensional representations risks
oversimplifying the definition of those traits. This concern
extends to the datasets used, many reflecting predominantly
Western political, ethical, and personality perspectives. In a
similar vein, persona and ethic-related datasets, by definition,
at times contain data that amplify stereotypical views and
traits. By making transparent encoded values, it creates op-
portunities for control mechanisms that could be used adver-
sarially. It also begs the question of who determines desirable
personas and traits.
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