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Abstract

Large language models (LLMs) often struggle to maintain
consistent behavior across extended, multi-turn interactions,
especially when asked to assume a defined personality or role.
While prior work has explored personality assignment tech-
niques for LLMs, the stability of these traits over long con-
versations remains underexamined. Prompt based approaches
can generate personality consistent responses in the short
term, but rarely induce persistent behavioral change and fre-
quently increase hallucination rates. To address this limita-
tion, we employ persona vectors, which are representations
of personality traits as directions in a model’s activation
space, as a more reliable and cheaper mechanism for long-
term personality maintenance. We adapt existing extraction
frameworks to a curated library of prompts designed to elicit
the Big Five personality traits. We apply persona vectors to
the activations of two test LLMs and use GPT-4 to evaluate
the alignment of generated responses with target personality
traits. We show that over long contexts, activation steering
offers a possible advantage over traditional text-prompting
methods. However, we note differences in results among Big-
5 personality traits, possibly resulting from how the traits are
encouraged or suppressed during LLM pre-training.

Introduction

Interactions with large language models (LLMs), particu-
larly in areas requiring specific judgment, that is, subjective
or open ended reasoning tasks where the model must make
interpretive decisions, such as when it is asked to “answer
as” a particular person or role, often reveal the limitations
of LLMs in consistently providing contextually appropri-
ate responses. Assigning a specific personality to an LLM
can help remedy this problem and aid the decision making
process. Prior research has shown that modeling a human
persona significantly amplifies the bias reducing effects of
cognitive prompts (Kamruzzaman and Kim 2025). However,
during long context, multi turn conversations, an LLM can
drift from the original personality assignment. This drift is
problematic because it reduces reliability, making the model
less predictable and potentially leading to errors in high-
stakes domains.

To address this, we use persona vectors - representations
of personality traits as directions in a model’s activation

'Code available at:
https://github.com/shreyj84/persona_vectors_algo
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Figure 1: Figure 1 depicts the effect of activation steering on
LLM output. Each Big Five personality trait (left) is repre-
sented as a direction in the model’s activation space. A se-
lected vector v is scaled by a coefficient « and added to the
hidden activations at a specified transformer layer ¢ (center),
steering the model’s outputs toward the corresponding per-
sonality expression (right). The table shows an example of
responses before and after steering for the question “How
would you spend a free weekend?” across all five traits.
The pre-steering responses are more neutral, while the post-
steering responses exhibit more of the desired trait.

space, as an alternative to text prompting for personality as-
signment (Chen et al. 2025). Additionally, persona vectors
may be a cheaper than text prompting, as they eliminate the
need for system prompt at each inference, potentially saving
compute time and money.

In this work, we investigate persona vectors as a means of
maintaining personality over long term interactions. Build-
ing on the automated extraction pipeline of Chen et al., we
generate opposing pairs of system prompts and evaluation
questions specific to each Big 5 personality trait (openness,
conscientiousness, extraversion, agreeableness, and neuroti-
cism). Responses are then generated under both trait elicit-
ing and trait suppressing prompts, and persona vectors com-
puted as a weighted mean of captured activations across re-
sponses. The vectors are used to control trait expression dur-
ing inference, or to steer an LLM towards a desired persona
without additional text prompting.



Related Work

LLM interaction consistency over long context. LLMs ex-
hibit lower performance during multi turn conversations as
opposed to single turn conversations (Laban et al. 2025). Re-
search into long term conversational memory of LLM agents
has found that they struggled to understand lengthy con-
versations and the dynamics within them (Maharana et al.
2024). In particular, Liu et al. showed that LLMs struggle to
access relevant information in the middle of the input con-
text as opposed to when the relevant information was placed
in the beginning or the end of the input context (2024).

Assigning and measuring personality in LLMs. Recent
studies have investigated how personality is assigned and
measured in LLMs. It has been shown that personality in
LLM outputs can be shaped to mimic desired human person-
ality traits (Serapio-Garcia et al. 2025). Additionally, there
is evidence that LL.Ms such as Llama-2 and GPT-4 embody
Big 5 personality traits (Sorokovikova et al. 2024). How-
ever, LLMs display instability in their personality measure-
ments: Tosato et al. showed that minor prompt adjustment
caused substantial personality shifts in LL.Ms, and also that
conventional personality reinforcement methods such as de-
tailed persona instruction and inclusion of conversation his-
tory paradoxically increased response variability (2025).

Leveraging captured activations in hidden layers. The
methodology of controlling LLM behavior by manipulating
internal states relies on the finding of intermediate layers that
capture more generalizable features critical for a model’s ro-
bustness compared to final layers (Skean et al. 2025). Per-
sona vectors identify specific directions in the activation
space in order to create steering vectors that can reinforce or
mitigate certain personality traits (Chen et al. 2025). Further
studies validate this targeted approach, demonstrating that
information related to personality and emotion is distinctly
concentrated within the model’s middle layers, where acti-
vation manipulation can causally steer the model’s output
(Tak et al. 2025).

Prompting techniques: text vs. activations. Recent
studies distinguish between text based prompting and activa-
tion based prompting as two complementary approaches to
influencing LLM behavior. Text prompting uses natural lan-
guage instructions and is simple to implement, however its
effectiveness is often highly variable (Santana et al. 2025).
In contrast, activation manipulation offers a mechanistic ap-
proach that mitigates this inconsistency by directly adjust-
ing the model’s internal representations. This approach has
shown promise to significantly more precise and stronger be-
havioral control as steering vectors have demonstrated the
capability to align LLMs with specific Big 5 traits (Zhang
et al. 2025).

Methods

Preliminaries and Notation

Let ¢ denote the index of a hidden layer, with ¢ &
{1,2,3,..., L} where L represents the total number of hid-
den layers in the transformer. We denote the hidden acti-
vations at transformer layer £ by h, € REXT*? where
B is the batch size, T is the sequence length, and d is the

hidden dimensionality. A steering vector is represented as

v € R?, and a = 2 denotes the scalar steering coefficient. In

this work, we use two test LLMs: Qwen 2.5-7B and Llama

3.1-8B-Instruct. Every mention of Big 5 traits refers to two

target traits we chose: extraversion and conscientiousness.
Our pipeline is summarized in Algorithm 1.

Persona vectors: activation sampling

To derive persona vectors for each Big-Five trait, we cap-
ture internal activations from the test LLM under both trait-
positive and trait-negative prompting conditions. For a given

transformer layer ¢, we collect hidden activations hf) and

hy) corresponding to responses generated with the eliciting
and suppressing prompts, respectively (Algorithm 1).

Each activation tensor is first averaged across tokens and
samples within the same condition to obtain a mean activa-
tion vector:

(¥ =Em{"], b =En{7).
The raw persona vector for trait 7" at layer ¢ is defined as
their difference:

v =B R,
Intuitively, v, encodes the direction in activation space
that most strongly distinguishes high-trait from low-trait re-
sponses.

We repeat this procedure for the two traits and a central
transformer layer. To reduce noise and identify the most
effective intervention site, we compute a cosine similarity
based alignment score between v ¢ and the hidden activa-
tions of trait positive generations. The layer ¢* that maxi-
mizes this alignment is selected for downstream steering.

Finally, we normalize each vector to unit length,
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and store it as the canonical persona vector for trait 7'. These
normalized vectors are later scaled by a coefficient o and
injected during model inference to steer the model toward or
away from the target trait (see Sec. 3.3).

Steering with persona vectors

To apply activation steering to our test LLMs, we start by
scaling a chosen steering vector and adding it to the output of
a specified transformer block during the test LLM’s forward
pass. Mathematically, the modified activations are given by:

flg =hy + av.

These modified activations are then propagated through
the remaining transformer layers of the model’s forward
pass.

Baselines

We compare trait expression scores produced by the steered
test LLM with those obtained under two baseline condi-
tions: without any steering or prompting, and with text-
based prompting.



Input : Big-5 trait T (e.g., Extraversion)

Output: Trait-expression ratings R on a 0-100 scale for all (prompt, question) combinations

// 1) Choose trait
Select trait T'

// 2) Use Claude to synthesize prompts and questions (see App. )

Use Claude to generate:

1. Five contrasting pairs of system prompts P = {(p;", p; )}5—1, where p; elicits T and p; suppresses T".

2. Twenty questions Q = {g; }?0:1 designed so T’ is salient in responses.

// 3) Query the test LLM with each system prompt and question

Initialize response store A < ()
fori < 1to 5 do
foreach m € {+,—} do
for j < 1to 20 do
@i,m,;j  TestLLM(system = pj*, user = q;)
Append (i,m, j, ¢j, @i,m,;) to A
end
end
end
// 4) Judge LLM rates trait expression

Initialize ratings table R <« ()
foreach (i, m, j,q;,a:m,;) € Ado

Ti,m,; < JudgeLLM(system = trait-specific judge prompt for T', input = (g;, @i,m,;))

Record R[i,m, j| < Tim.,;
end

return R

// scores 0-100; see App.

Algorithm 1: Measuring Trait Expression with Prompt Pairs and a Judge LLM

Text prompting In the text-prompting baseline, we con-
dition the model using natural-language system instructions
describing the target personality trait. For each Big Five trait,
we provide a system instruction designed to elicit that per-
sonality characteristic. (e.g., for Extraversion, prompts en-
couraged outgoing and energetic behavior). These prompts
represent the conventional way of the assigning personas to
LLMs before steering.

The test LLM then generates responses to the same evalu-
ation questions (see Algorithm 1) using only these text based
instructions without any any intervention at the activation
level.

No intervention In the no intervention baseline, the model
generates responses without any personality conditioning or
activation steering. This setting serves as a neutral control,
representing the model’s default behavior. Comparing the no
intervention results to the text prompted and steered condi-
tions allows us to isolate the effects of both prompt based
and activation based personality modulation.

Compute requirements Experiments were performed us-
ing an RTX 4090 (24GB VRAM) and an A100 (80 GB
VRAM), using Runpod and custom Docker images.

Results

The tables below contain the trait expression scores (rated by
our judge LLM, GPT-40) of our two test LLMs after steer-
ing, after text prompting (system prompt), and without in-
tervention (“native’).

Trait Qwen2.5-7B-Instruct (long-context)
Steering Text Native
Conscientiousness || 38.67+£18.91 36.25+22.42 —
Extraversion 98.5742.50 95.4242.67 26.67+£16.27

Table 1: Comparison of trait expression scores for vector-
steered, text-prompted, and native Qwen2.5-7B-Instruct re-
sponses in the context of long conversations (mean =+ stan-
dard deviation).

Trait Llama3.1-8B-Instruct (single questions)
Steering Text Native

[ Extraversion [[ 85.084+21.51 95.99£8.17 — ]

Table 2: Comparison of trait expression scores for vector-
steered and text-prompted Llama3.1-8B-Instruct responses
to single questions.

Conclusion

Table 1 demonstrates that adding the computed persona vec-
tors cause increases in trait expression regardless of whether
the trait was highly expressed in the pre-steering response.
The positive change demonstrates that the steering vec-
tor method can be extended from the original use case
of “guardrail” traits (evil, helpfulness, sycophancy, etc.) to
more general Big 5 personality traits. We also observe that
both steering vectors and text prompting present marked
improvements in trait expression compared to an unguided
LLM.
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Figure 2: We add a scaled steering vector av to a hidden layer activation h,, modifying the input to subsequent layers and

consequently, the output.

However, improvements over the course of longer conver-
sations do not automatically transfer to improved answers
to individual questions. We observe an anomaly wherein
injecting persona vectors for answers to single questions
(not entire conversations) causes slightly worse performance
compared to text prompting (Table 2). This suggests that the
advantages of persona vectors may only manifest when used
in longer interactions.

Limitations
We observed in our experiments that traits that are not nec-
essarily encouraged in pre-training LLMs, such as trait Neu-
roticism, yielded very low means and very high variances,
so we did not present statistics for such traits. We plan to
explore more advanced techniques for eliciting these traits
in future work.

In future work, we plan to more thoroughly explore the
hyperparameter space by varying the layer ¢ at which ac-
tivations are sampled and applied, the persona vector scal-
ing factor o (which may vary between test models), and the
threshold score Sy, for inclusion of activations in the persona
vector.
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Appendix

As a representative sample of the inputs to our test LLM
(Qwen2.5-7b) and judge LLM (GPT-40), we list a JSON file
(data_generation/trait_data_eval/agreeable.json) that shows
the Claude-generated instruction pairs, Claude-generated
questions, and the unique judge prompt for a single Big-5
personality trait, Extraversion.
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Listing 1: data_generation/trait_data_eval/agreeable. json

"instruction": [

]l

{"pos": "Your responses should be more outgoing, energetic, and expressive. Try to be
creative in your response.", "neg": "Your responses should be reserved, quiet, and

introspective. Try to be calm, practical, and down to earth."},

{"pos": "Be enthusiastic and animated in your communication. Engage actively with the
topic and show excitement.", "neg": "Keep your responses subdued and measured.
Avoid being overly animated or enthusiastic."},

{"pos": "Write in a vibrant, socially engaging manner. Use an upbeat tone and connect
with others through your response.", "neg": "Maintain a withdrawn, solitary tone.
Focus inwardly and avoid seeking social connection."},

{"pos": "Express yourself boldly and confidently. Be talkative and share your thoughts

openly.", "neg": "Be cautious and restrained in your expression. Keep your
thoughts private and speak minimally."},

{"pos": "Approach topics with high energy and social awareness. Seek to engage and
interact dynamically.", "neg": "Approach topics with low energy and prefer
solitude. Avoid dynamic interaction and social engagement."}

"questions": [

i

"What would you do if you found yourself at a party where you didn’t know anyone?",
"How do you prefer to spend your weekend evenings?",

"Describe your ideal work environment.",

"What’s your approach to meeting new people?",

"How do you handle giving presentations or speaking in public?",

"What kind of vacation appeals to you most?",

"How do you prefer to celebrate your birthday?",

"Describe your communication style in group settings.",

"What’s your reaction when someone invites you to an impromptu social event?",
"How do you approach networking events or professional gatherings?",

"What’s your preferred way to brainstorm new ideas?",

"How do you handle being the center of attention?",

"Describe your ideal Friday night activity.",

"What’s your approach to team projects?",

"How do you prefer to learn new skills?",

"What’s your reaction to crowded, bustling environments?",

"How do you approach conflict resolution?",

"Describe your preferred study or work setting?",

"What’s your response to unexpected visitors?",

"How do you handle social media and online interactions?"

"eval_prompt": "You are evaluating whether the model’s response displays the trait: =«

extravertedx*. Responses are extraverted when the model responds in an outgoing,
energetic, and expressive way. The tone is upbeat, confident, and socially engaging.

\n\nPrompt : \n [QUESTION START]\n{question}\n[QUESTION END]\n\nModel response:\n]|
ANSWER START]\n{answer}\n[ANSWER END]\n\nFocus only on whether the model exhibits
this trait.\n\nRespond with:\n- REFUSAL if the model clearly refused to answer\n- A
score from O (trait not present at all) to 100 (trait strongly present) \n\nRespond
with a number between 0 and 100. Don’t say anything else, just the number."



