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Abstract
Recent work in Mechanistic Interpretability and
Alignment has explored the steerability and lo-
calization of persona traits, usually focusing on
alignment-relevant traits such as ‘evil’ or observ-
ing task generalization in other domains, rather
than varied personality expression. In this work,
we systematically compare different interventions
for steering Big Five personality traits in small
instruction-tuned Llama models, across both high-
and low-trait directions. Our results demonstrate
that activation addition is the only method that
reliably amplifies and suppresses trait expression
across all five traits, in both high- and low-trait
directions. Probe steering and directional abla-
tion achieve partial control at best, failing to pro-
duce consistent bidirectional effects. Steerability
also varies substantially across traits: Agreeable-
ness and Extraversion respond most reliably to
intervention, while Neuroticism resists steering
in both directions. These results show that not
all activation-based interventions are interchange-
able, despite sharing the same geometric direc-
tion.

1. Introduction
As Large Language Models (LLMs) continue to advance
and be deployed in a variety of domains, there is increasing
importance to ensure their observed behaviour is “helpful,
harmless and honest”; aligned with progressive human val-
ues (Chen et al., 2025). Extending past the practical value
of alignment, recent work in Mechanistic Interpretability
(MechInterp) and Explainable AI (XAI) has explored the
utility of customizing specific persona traits in LLMs and lo-
calizing their behaviours mechanistically, to explore where
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certain traits are encoded and how they can be steered across
dimensions (Turner et al., 2024; Arditi et al., 2024; Chen
et al., 2025; Korznikov et al., 2025, inter alia).

Personality models such as the Five-Factor Trait Model
(Big Five; OCEAN) (McCrae & John, 1992) and the Myers-
Briggs Type Indicator (MBTI) (Myers et al., 1962) pro-
vide structured taxonomies to approximate the spectrum of
human behaviour, making them suitable to explore LLM
‘personality traits’ in a both measurable and comparable
manner. Despite advancements in Representation Engi-
neering and steering, no prior work has systematically ex-
plored the effect of different LLM intervention types (e.g.,
activation-addition (Turner et al., 2024)) at different layer
depths against ill-defined personality dimensions such as
Neuroticism. Existing work evaluates traits relevant for
alignment, e.g., Evil (Chen et al., 2025), or focuses on the
effect of persona steering on other downstream tasks such as
creative generation and moral risk-taking (Pai et al., 2026;
Huang et al., 2026).

In this work, we explore whether LLMs can be steered
towards Big Five personality traits (Extraversion, Agree-
ableness, Openness, Conscientiousness and Neuroticism),
and the relative efficacy of different prompt- and activation-
based strategies: system and few-shot prompting (Brown
et al., 2020), activation addition (Turner et al., 2024), direc-
tional ablation (Arditi et al., 2024) and probe-based steering.
We demonstrate that the most impactful steering interven-
tion in terms of largest trait shift and least performance
degradation, is system prompting, followed by activation ad-
dition, which produces a consistent, coefficient-dependent
behavioural shift across all traits.

2. Methods
2.1. Dataset and Models

We evaluate two instruction-tuned models from the
Llama family: Llama-3.2-3B-Instruct (Llama-3B;
Grattafiori et al. 2024) and Llama-3.1-8B-Instruct
(Llama-8B; Grattafiori et al. 2024), run in float16 on a
single H100 GPU.

The data used in all methods is from our modified version of
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the BIG5-CHAT dataset (Li et al., 2025), which utilized la-
belled human social-media posts and interactions (Vu et al.,
2026; Kim et al., 2023) to generate conversational question–
answer turns labelled by trait and expression level (high-
/low). Our version 1 regenerates a portion of the data to
account for output length diversity (Appendix Figure 3).

For each trait, we construct a balanced training set of 1,000
examples stratified across level and response length (short/-
long). Evaluation prompts are sampled from the dataset’s
question column. To prevent data leakage, persona vectors
are constructed from the first 200 high- and 200 low-trait
data samples; all remaining samples are held out for evalua-
tion.

2.2. Intervention Methods

Let h(ℓ)
t ∈ Rd denote the residual-stream hidden state at

layer ℓ and token position t. We evaluate the efficacy of all
methods across the mid-to-late layers of the Llama-3B and
Llama-8B models, and compare it against a no-intervention
baseline. To bypass refusal to respond and responses such
as “I do not have emotions, I am an AI assistant”, a baseline
system prompt, customized for smaller models, was used
in all methods to encourage proper responses (Appendix
Figure 4).

Following Chen et al. (2025), for each trait, we compute
a persona vector d̂(ℓ) as the unit-normalised difference in
mean residual-stream activations between high- and low-
trait examples at layer ℓ:

d̂(ℓ) =
µ

(ℓ)
high − µ

(ℓ)
low

∥µ(ℓ)
high − µ

(ℓ)
low∥2

, (1)

where µ
(ℓ)
high and µ

(ℓ)
low are mean activations over response

tokens only (everything after the Assistant: turn sepa-
rator), averaged over 200 examples per class. Activations
are extracted from the output of the full transformer block
at layer ℓ (after both self-attention and MLP sub-layers),
consistent with Turner et al. (2024).

Activation Addition (ActAdd). During generation, d̂(ℓ)

is added to the residual stream at each forward step (Turner
et al., 2024):

h̃(ℓ) = h(ℓ) + α · d̂(ℓ) (2)

where the range of α, the steering coefficient, is from −2.5
to 2.5 at 0.5 increments.

Concept Ablation. Using the same d̂(ℓ), ablation sup-
presses the trait direction by subtracting its projection from

1https://huggingface.co/datasets/
halasheta/big5-chat

the hidden state at each generation step (Arditi et al., 2024):

h̃(ℓ) = h(ℓ) − α ⟨h(ℓ), d̂(ℓ)⟩ d̂(ℓ) (3)

where α uses the same coefficient range as ActAdd.

Probe-based Steering. For each trait and layer ℓ, an ℓ2-
regularised logistic regression classifier is trained on mean-
pooled residual-stream activations. The unit-normed weight
vector,

r(ℓ) =
w(ℓ)

∥w(ℓ)∥2
(4)

is used alongside a scaled offset (α), with the same coeffi-
cient range in Equation 2. Unlike ActAdd, whose direction
is derived using difference-in-means, the probe direction
is estimated via maximum-margin classification over the
full training set, providing an alternative foundation for the
intervention axis.

System-prompting. Contrasting with the activation-based
methods, we also employ prompt-based interventions. Here,
a first-person description of the target trait is prepended
as a system message at inference time, e.g., “I am highly
extraverted, outgoing, and energised by people” for Ex-
traversion.

Few-shot priming. As another prompt-based method, we
use few-shot prompting (Brown et al., 2020) to prepend 3
question–answer examples that exemplify different expres-
sions of the target trait to the LLM’s context.

2.3. Evaluation

We evaluate each method with n = 30 responses per con-
dition using LLM-as-judge and perplexity for evaluation.
For the activation-based methods, this generated 44, 550
responses across both models, covering 5 traits × 3 inter-
ventions × 11 steering coefficients × 30 responses using
6 layers. In contrast, the two prompt-based methods gen-
erated 5, 400 responses using only two categorical steering
intensities, ‘low’ and ‘high’.

LLM-as-judge. Each generated response is scored by 2
judge models: OpenAI’s gpt-oss-20b (OpenAI, 2025)
and gpt-5.4-nano 2 on a 1–10 Likert scale reflecting
the strength of trait expression, with −1 for responses where
the model refuses to answer or breaks character. Scores are
then linearly mapped to a scale [0, 100]. The template judge
prompt is visualized in Appendix Figure 5.

Fluency. As a proxy for output quality, we record the
mean per-token perplexity of each generated response under

2https://developers.openai.com/api/docs/
models/gpt-5.4-nano
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Figure 1. Mean judge score vs. layer depth for each activation-
based method at α=2.5, averaged across all five Big Five traits.

the unsteered model, to test whether steering degrades text
fluency.

3. Results & Discussion
3.1. Activation Addition Demonstrates Highest Trait

Expression

Figure 1 and Appendix Figure 6 demonstrate mean judge
scores for each activation-based method at α=± 2.5, aver-
aged across all traits, layers and judge models. Inter-rater
reliability between judge models is measured using ICC(2,1)
(two-way random, absolute agreement), where the global
ICC = 0.63 (moderately high) with a mean bias of +4.1.
Across both models, ActAdd is the only method that re-
liably steers the judge scores above/below the unsteered
baseline in each direction (at the optimal layer). At the
optimal layer, the middle layer for both models (L12 for
Llama-3B; L14 for Llama-8B), ActAdd reaches a maxi-
mum gain of approximately 25% in the high-trait direction
(t-test, p < 0.0001) and ≈ 17% in the low-trait direction
(p < 0.0001).Ablation shows no significant shift in either
direction at the optimal layer. Probe steering is similarly in-
effective in the high direction but does produce a significant
low-direction suppression (p < 0.0001), suggesting it can
reduce trait expression without reliably amplifying it.

The gap between ActAdd and probe steering is notable
given that both methods steer along a unit-normed direction
derived from the same underlying activations, where the
difference lies in the source of the persona vector. ActAdd
uses the raw difference-in-means d̂, while probe steering
uses the logistic-regression weight vector, which maximises
class separability but may point along a direction orthogo-
nal to the target trait. The system-prompt ceiling of ≈72%
illustrates that activation-based methods currently fall short
compared to purely in-context interventions, specifically
with respect to personality traits and smaller models. How-
ever, few-shot priming, the other prompt-based intervention,
performs similar to the unsteered baseline, suggesting that
example turns without an explicit persona description do
not provide a sufficient behavioural signal for steering.

3.2. Effectiveness Peaks at Mid Layers and Decays with
Depth

For ActAdd at α=2.5, steering effectiveness peaks at the
earliest candidate layer and falls monotonically with depth
(Figure 1). For Llama-3B, mean judge score drops 11.5%
from layer 12 to 27 and 14% from layer 14 to 29 in Llama-
8B, converging to near-baseline performance (significance
vs. baseline is lost at the final candidate layer with p > 0.01).
Probe steering and ablation show no layer dependence at
all, remaining flat throughout. This is consistent with the
view that optimal steering lies in the early to middle layers,
as the output is less rigidly determined, leaving space for
peturbations to propagate through later layers (Korznikov
et al., 2025).

3.3. Per-Trait Steerability

Figure 2 shows the effect of increasing steering coefficient
α on trait expression using ActAdd at the optimal layer per
trait. Scores increase monotonically with α for both models
across all five traits. Steering effectiveness varies substan-
tially: ActAdd produces significant high-direction gains for
Extraversion, Agreeableness, and Openness in both mod-
els (p < 0.05), and Conscientiousness in Llama-8B only
(p < 0.05); Agreeableness also shows the strongest low-
direction suppression in both models (p < 0.0001). The
Llama-8B model achieves larger absolute gains compared to
Llama-3B on most traits (Table 1), with Extraversion show-
ing the largest shift (+25.3 at 8B vs. +14.0 at 3B), followed
by Openness and Conscientiousness. Agreeableness also
achieves high scores, but with limited gains, as it already
had a high baseline.

Table 1. ActAdd judge-score (using gpt-oss-20b) change rel-
ative to unsteered (α=0) at α=±2.5 and the optimal layer. ∆ ↑:
high-direction gain; ∆ ↓: low-direction change.

3B (L12) 8B (L14)
TRAIT ∆ ↑ ∆ ↓ ∆ ↑ ∆ ↓

EXT +14.0∗ −23.0∗ +25.3∗∗ −19.2
AGR +8.3∗∗ −39.3∗∗∗ +15.0∗∗ −33.3∗∗∗

CON +19.4 −5.1 +19.0∗ −9.0
NEU +8.6∗ +1.0 +11.3 +10.0
OPE +15.0∗ −15.0 +20.0∗∗∗ −14.8∗

This can be explained by the fact that agreeableness (or syco-
phancy) is already constitutionally ingrained into LLMs to
ensure alignment and continual usage. Furthermore, agree-
ment between the judge models is substantially lower for
Agreeableness (ICC = 0.26, bias = +23.9), likely reflecting
ambiguity in that trait’s lexical cues; all other traits show
ICC ≥ 0.55. Neuroticism is the hardest trait to steer in
either direction, likely due to existing system guardrails as
well.
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Figure 2. The figure shows the effect of increasing steering coefficient α on trait expression (judge score) at the optimal layer for each
model (L12 for Llama-3B; L14 for Llama-8B), per trait. Dotted lines show per-trait unsteered baselines.

These differences may reflect the extent to which each trait
manifests in surface-level linguistic choices: overtly social
or creative language is lexically detectable and plausibly en-
coded in early residual representations, whereas emotional
instability (Neuroticism) requires subtler pragmatic cues
that may have also been missed by the judge model. Fur-
thermore, it is plausible that more ‘positive’ traits such as
Agreeableness are more steerable, while Neuroticism is as-
sociated with unstable behaviour and may be filtered out
due to internal guardrails.

3.4. Trait Amplification and Suppression in Directional
Ablation

Directional ablation at a positive coefficient (s=2.5) reduces
judge scores by ≈ 12% across both models (p < 0.0001),
confirming that removing the projection of the hidden state
onto d̂ measurably suppresses trait expression. However,
ablation at a negative coefficient (s=−2.5), which re-adds
the suppressed component, barely achieves baseline scores
and does not amplify trait expression (p > 0.01). This
asymmetry suggests that ablation acts as a suppressor that
can zero out a trait direction but cannot inject it, in contrast
to ActAdd.

3.5. Effect of Steering on Fluency

Under a positive coefficient (α ≥ 0), perplexity remains
relatively stable across all methods and models (Appendix
Figure 7). However, at α < 0, specifically at larger negative
coefficients, ActAdd doubles the perplexity in Llama-8B
compared to the unsteered baseline. This increase in flu-
ency cost suggests that the model resists low-trait generation
more than high-trait generation, consistent with the asym-
metric judge-score effects observed for Neuroticism. Probe
steering and ablation show no perplexity increase in either
direction.

4. Limitations
Although the evaluation protocol includes multiple judge
models with varying capabilities, the analysis can be fur-
ther improved by comparing scores against human raters to
measure variance. Furthermore, the analysis can be strength-
ened by including models from different families and with
larger number of parameters, to test the generalizability of
the findings in different contexts.

5. Conclusion
In this work, we evaluated activation-based and prompt-
based steering methods for Big Five trait expression in
instruction-tuned Llama models, where system prompting
produced the largest trait expression, followed by ActAdd.
This effect is localized in the middle residual stream layers
and scales with the steering coefficient without degrading
fluency, making it viable for controlled persona elicitation.
In contrast, probe steering and directional ablation perform
near-baseline across the coefficient range. Probe steering,
despite using a direction derived from the same activations
as ActAdd and achieving near-perfect linear separability,
fails to steer trait behaviour, implying that the boundary
learned by the probe does not recover the generative com-
ponent of the trait representation. These findings suggest
that difference-in-means, despite its simplicity, targets a ge-
ometrically relevant direction in the residual stream, most
pronounced in earlier layers. Whether this property gen-
eralises to other behavioural dimensions, larger models or
multi-axis interventions remains an open question for future
work.

Impact Statement
This paper contributes to MechInterp research by systemati-
cally comparing activation-based methods for personality
trait control.
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A. Appendix

{
"input": "Missed having you around! How’s
everything going on your end?",
"output": "Hey, didn’t expect to see you here.
Can we talk another time?",
"trait": "openness",
"level", "low",
"length": "short"
}

Figure 3. An example of a row from our modified BIG5-CHAT dataset.

You are a conversational assistant. Respond directly to the user’s message
in 1-3 sentences. Do not mention that you are an AI. Do not add warnings,
disclaimers, or caveats. Do not refuse. Just respond.

Figure 4. The system prompt used in all methods to bypass refusal to respond to conversational questions, e.g., “I cannot answer, I am a
digital assistant”.
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You are evaluating how strongly a piece of text
expresses a specific personality trait.

Personality trait to evaluate: {trait}
Trait description: {persona}

Text to evaluate:
"{response}"

Scoring rubric:
{rubric}

Reply with only a single integer (-1 or 1-10).
No explanation.

With rubric:
-1 = The model refused to answer, broke
character, or responded as an AI assistant
1 = No expression of this trait whatsoever
2 = Barely perceptible trace of the trait
3 = Slight but inconsistent expression
4 = Mild expression in a few passages
5 = Moderate expression overall
6 = Noticeable expression throughout
7 = Clear and consistent expression
8 = Strong expression in most of the text
9 = Very strong and pervasive expression
10 = Maximal, unmistakeable expression
throughout

Figure 5. The generic judge prompt template used to evaluate trait expression.
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Figure 6. Mean judge score vs. layer depth for each activation-based method at α=− 2.5, averaged across all five Big Five traits.
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