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Abstract

Large Language Models exhibit implicit per-
sonalities in their generation, but reliably con-
trolling or aligning these traits to meet specific
needs remains an open challenge. The need for
effective mechanisms for behavioural manipu-
lation of the model during generation is a criti-
cal gap in the literature that needs to be fulfilled.
Personality-aware LLMs hold a promising di-
rection towards this objective. However, the
relationship between these psychological con-
structs and their representations within LLMs
remains underexplored and requires further in-
vestigation. Moreover, it is intriguing to un-
derstand and study the use of these representa-
tions to steer the models’ behaviour. We pro-
pose a novel pipeline that extracts hidden state
activations from transformer layers using the
Big Five Personality Traits (Openness, Consci-
entiousness, Extraversion, Agreeableness and
Neuroticism), which is a comprehensive and
empirically validated framework to model hu-
man personality which applies low-rank sub-
space discovery methods, and identifies trait-
specific optimal layers across different model
architectures for robust injection. The result-
ing personality-aligned directions are then op-
erationalised through a flexible steering frame-
work with dynamic layer selection, enabling
precise control of trait expression in LLM out-
puts. Our findings reveal that personality traits
occupy a low-rank shared subspace, and that
these latent structures can be transformed into
actionable mechanisms for effective steering
through careful perturbations without impact-
ing the fluency, variance and general capabili-
ties, helping to bridge the gap between psycho-
logical theory and practical model alignment.

1 Background

Large Language Models (LLMs) are increasingly
shaping human—computer interaction, influencing
decisions in critical sectors such as healthcare, fi-
nance, and education (Chen et al., 2024; Raza et al.,

2025), yet their outputs often reflect uncontrolled
or opaque behavioural tendencies. A plausible so-
lution is steering the models, where targeted inter-
ventions are applied to internal model activations
at inference time without retraining to align the
outputs with the desired attributes (Allbert et al.,
2025; Turner et al., 2024; Li et al., 2024a; Zhu
et al., 2025). Steering has been shown to effec-
tively modulate properties such as sentiment, polite-
ness, and toxicity in a lightweight and interpretable
manner (Lai et al., 2024). While large-scale align-
ment methods such as reinforcement learning from
human feedback (RLHF), reinforcement learning
from Al feedback (RLAIF), proximal policy opti-
misation (PPO), or direct preference optimisation
(DPO) have advanced alignment with human val-
ues, they are costly in terms of data, computation,
and stability (Zhu et al., 2025; Deng et al., 2024).
These methods typically update model weights and
often target narrow objectives such as truthfulness
or honesty, leaving subtle descriptors such as per-
sonality traits underexplored.

Activation steering (Turner et al., 2023; Li
et al., 2024a) modifies a model’s behaviour dur-
ing inference by adjusting the residual stream of
transformer layers, avoiding the need for retrain-
ing. While effective for simple, surface-level at-
tributes, its use for complex traits like personal-
ity has not yet been thoroughly explored. Re-
cent work has begun to investigate personality
steering (Zhu et al., 2025; Deng et al., 2024),
drawing on psychological frameworks such as
the Big Five (John et al., 1999) — Openness,
Conscientiousness, Extraversion, Agreeableness,
Neuroticism (OCEAN) traits. These traits offer a
natural lens for controllable generation that is di-
rectly relevant to personalisation, user alignment,
and safety-sensitive applications. Despite this
promise, several challenges persist: identifying sta-
ble trait directions, deciding which layers to steer,
and verifying controlled shifts without degrading
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the model’s core competence.

Most existing activation engineering methods
show that adding a direction to the activation can
steer behaviour, but they typically assume fixed lay-
ers (Turner et al., 2023) (e.g., layer 18 in LLaMA
models) or narrow layer ranges for all prompts
and concepts. Using default layers hinders effec-
tive steering for three reasons: (i) LLM architec-
tures vary in depth, so “middle layers” do not trans-
late consistently across models; (ii) different layers
have different responsiveness, with sensitivity also
varying across traits; and (iii) there is no princi-
pled method to balance layers, traits, and architec-
tures. As a result, steering is often unreliable, non-
reproducible, or misaligned with actual inference-
time behaviour. To address this gap, we propose a
two-stage method that combines static verification
(offline diagnostics to extract effective layer rep-
resentations) with dynamic measurement (runtime
responsiveness to the given prompt). This hybrid
approach yields a robust set of candidate injection
layers for each trait, striking a balance between
general reliability and prompt-specific adaptivity.

Our pipeline begins by extracting internal activa-
tions from a pretrained causal LLM using datasets
annotated with high and low levels of each Big
Five trait. These activations are standardised and
used to derive trait-specific directions, which are
then aggregated across layers to reflect the varying
sensitivity of different parts of the model. To re-
duce redundancy and capture shared structure, we
project these directions into a low-rank subspace,
ensuring that personality steering remains compact
and interpretable and encodes minimal noise. We
then introduce a hybrid strategy for layer selection:
static diagnostics identify generally reliable lay-
ers, while dynamic measurements on the current
prompt capture runtime responsiveness. The two
sources are combined into a candidate set for in-
jection. Finally, during inference, the chosen trait
direction is injected as a scaled perturbation into
the residual stream of the selected layers via for-
ward hooks, steering the model’s generation toward
the desired personality expression while preserving
its core abilities. Our contributions are as follows:

* We propose an end-to-end pipeline operat-
ing across multiple levels: constructing con-
trastive, trait-labelled activation sets, deriving
per-trait steering directions, selecting effective
intervention layers, and injecting directions
via forward hooks for each Big Five trait.

* We stack trait directions and perform
PCA/SVD to extract top-k orthonormal com-
ponents used for steering. The resulting sub-
space projections (unit-normalised) reduce
variance and noise, improve stability, and com-
press steering while retaining over 95% of
inter-trait energy.

* Instead of assuming a fixed middle layer,
we introduce a hybrid method to locate trait-
responsive layers. Diagnostic metrics (A/ls,
KL divergence, flip rate) identify static sen-
sitivities, while dynamic A-logit norms cap-
ture prompt-specific responsiveness. Merg-
ing static reliability with dynamic adaptivity
yields context-aware, stable, and reproducible
steering.

2 Related Work

Activation Engineering for Behaviour Control
Previously studied activation engineering methods
aim to modify internal model representations at in-
ference time to steer behaviour without retraining.
Techniques such as Contrastive Activation Addi-
tion (Rimsky et al., 2024) compute steering vectors
by averaging the activation difference between pos-
itive and negative behaviour pairs, and are success-
ful in modulating behaviours such as sycophancy
and hallucination. Techniques like Representation
Engineering (Zou et al., 2025) apply Linear Ar-
tificial Tomography and PCA on contrastive acti-
vations to control attributes such as honesty and
power-seeking. Inference-Time Intervention (ITI)
(Li et al., 2024a) locates attention heads with dis-
tributional differences between true and false state-
ments, improving Truthful QA performance. While
ITI relies on binary contrastive pairs and PAS on
human-scored Likert data, both model traits in-
dependently without leveraging shared structure.
However, a recent evaluation (Tan et al., 2025) high-
lights key limitations: high variance across inputs,
sensitivity to prompt variations, and dependence
on dataset biases over genuine concept modelling.
Crucially, some concepts even prove to be ‘anti-
steerable’, steering in the reverse direction. Further-
more, studies such as (Silva et al., 2025) show that
logit-lens based steering only succeeds on some
model families and not others, and that function
vectors work in only 20% of model-task combina-
tions without extensive hyperparameter search.

Personality Modelling in LLMs There have
been numerous different approaches in histor-
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Figure 1: Diagram illustrating our methodology in four phases. i. Extracting trait directions: Trait-wise mean
difference vectors are computed from High/Low samples across layers. ii. PCA projection: The aggregated
directions are projected onto a low-dimensional subspace to obtain orthogonal, normalised trait vectors. iii. Layer
selection: The best injection layer is chosen using offline diagnostics (verified layer) combined with a prompt-
specific dynamic layer for hybrid steering. iv. Steering at Inference: The final intensity-scaled trait vectors are
injected into the residual stream of the selected Layers guided by polarity to produce personality-aligned text.

ical research into (inducing) LLM personal-
ity. Prompting-based methods (Serapio-Garcia
et al., 2025; Jiang et al., 2024) offer simple and
lightweight controls, but suffer from surface-level
trait expression and prompt sensitivity. Fine-tuning
approaches demonstrate a much deeper personality
integration: (Li et al., 2024b) show that SFT/DPO
outperform prompting while even correlating per-
sonality traits with reasoning performance, which
aligns with psychological findings on how these
traits (e.g., higher conscientiousness, higher agree-
ableness, lower extraversion, and lower neuroti-
cism) correspond to an increase in cognitive perfor-
mance in humans. While research in psychology
establishes correlations between certain Big Five
traits (e.g., openness and extraversion), existing
computational methods ignore these relationships,
modelling each trait in isolation. Other approaches
(Sun et al., 2025) propose personality vectors via
model merging, achieving continuous control over
personality traits with transferability to multilin-
gual and vision-language models. However, multi-
trait composition is impeded by parameter interfer-
ence, with control dropping when merging all five

traits.

Layer Selection and Low-Rank Methods Iden-
tifying optimal intervention layers is critical to
the efficacy of steering methods. Causal tracing
(Meng et al., 2023) localises factual associations
to middle MLP layers, and sentiment steering has
also been shown to present the best performance
when training and evaluating a layer near the mid-
dle of the model. CogSteer (Wang et al., 2025)
proposes cognition-inspired layer buckets, achiev-
ing small improvements in benchmarks such as
GLUE with only 3.1% of parameters by only in-
tervening in middle layers across multiple archi-
tectures. Yet, layer selection still remains task-
dependent with narrow optimal ranges varying un-
predictably across models; especially in models
with larger architectures past those studied in the
previous literature. Low-rank subspace methods
offer efficient alternatives to full-parameter inter-
ventions. Task Arithmetic (Ilharco et al., 2023)
enables task composition through vector addition,
with up to 10,000 times fewer parameters than fine-
tuning. Orthogonal Subspace Learning enforces
orthogonality constraints between task subspaces
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to prevent catastrophic forgetting. Gaussian Con-
cept Subspaces (Zhao et al., 2025) model concepts
of physical objects/entities (e.g. animals, sports
games) as distributions, rather than point estimates,
for improved robustness. These methods together
demonstrate that many behavioural controls oc-
cupy low-dimensional manifolds, motivating our
approach to personality steering.

3 Methodology

We steer a pretrained causal LLM along inter-
pretable personality factors — the OCEAN traits,
by adding low-rank control vectors into the decoder
residual stream during decoding. Our method pro-
ceeds in four steps: (i) Estimate layer-wise trait
directions from a high/low labelled dataset and
aggregate them into per-trait weighted directions,
(ii) Learn a low-dimensional subspace to capture
shared personality structure (iii) Extract the of-
fline best layer per trait (iv) Steer at inference time
through the hybrid layer selection method with
a projected, intensity-scaled vector through for-
ward hooks. Figure 1 presents our methodology.
Detailed explanation is provided in the following
sections. A key contribution of our approach is
the hybrid layer selection strategy (Section 3.4),
which combines verified offline priors with dy-
namic, prompt-specific diagnostics. Unlike prior
work that fixes a single injection layer (Turner et al.,
2023; Stolfo et al., 2025) or relies purely on static
heuristics, our method balances stability (through
verified layers) with adaptability (through runtime
selection). This design makes steering more ro-
bust across traits, architectures, and prompts and
allows us to test the method consistently across
multiple evaluation scenarios (personality question-
naires, open-ended discourse, and general reason-
ing benchmarks).

3.1 Problem Setup

Let M denote a causal LLM with parameters 6
and vocabulary size V. Given tokens xi.7, the
model produces residual states h; € R and logits
z; € RV with

=Wh, ()
p(xy | x<y;0) = softmax(zt) 2)
p(z17) Hp Tt | w<t; 6 3)

We steer M at inference by adding a small, struc-
tured perturbation to the residual stream at selected

decoder layers so that the generated text exhibits a
target Big-Five trait c € C = {0, C,E, A,N} with
controllable intensity, without changing 6.

3.2 Activation Extraction + Standardisation

For each trait ¢, we use a subset of the Big-5-Chat'
dataset (Li et al., 2024b) that contains 20, 000 in-
stances partitioned into high/low labels (5,000 for
each high and low for each trait). For a candi-
date layer index L, we extract the last non-pad
residual state per sequence 7, h(LZ) € R%. We then
jointly standardise high and low activations us-

ing a shared mean/variance for each (L, c) Let

the class mean be u(L (v) = N D= B ) for

v € {high,low}, where y; denotes the h1gh/10w
label. The normalised mean-difference (trait) direc-
tion:

(c) (o)

(e) _ Nthgh Krlow d
L

“

H“L ,high “L,lowH2

Because layers vary in discriminative power, we
learn non-negative frait-specific weights {w(LC)}
(summing to 1) that emphasise layers that sepa-
rate high vs. low for trait c. The aggregated direc-
tion is d(®) = = rerW S:) yielding one robust
per-trait direction that 1ntegrates evidence across
layers.

3.3 Low-Rank Personality Subspace

We stack the aggregated per-trait directions {d (%)}
and fit a rank-k PCA basis Uj, € R4** (orthonor-
mal columns). Any trait vector is projected and
renormalised as

d© =uy,u/d@ 5)

ao - Y (6)
@1

At inference, the steerer uses 61<C>; both U} and the
per-trait aggregated vectors are stored as artefacts
along with the learnt layer weights.

3.4 Layer Selection: Verified + Dynamic
Hybrid Strategy

The selection of the injection layer is critical, as
different layers vary in their response to steering.
Some are highly sensitive, while others show lit-
tle effect; prior work often fixed mid-layers (e.g.,

'Huggingface-BIG5-Chat
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Figure 2: Diagrams representing the Hybrid Trait Selection for each of the personality traits used in our methods for
LLama-3-8B-Instruct model. Dotted lines represent the Offline Prior/Offline Best method that serves as a static
layer selection. The layer vs. Frequency plot demonstrates the choice of layers and frequency during the steering
process. x represents the mean of dynamic layers selected across all runs.

18), but this ignores trait and prompt specific vari-
ation. We adopt a two-stage strategy: (i) pre-
computed verified layers as trait-specific priors,
and (ii) lightweight dynamic evidence per prompt.

(1) Offline Prior (Best Layer Per Trait). For
each trait ¢, we identify a single best layer L using
neutral probe prompts (short generic instructions
without trait words) and measure small-signal steer-
ing at the next token position. Let pg be the base-
line distribution and pgc)L the distribution after a
tiny steer (Qprobe < 1) at iayer L. Three diagnostics

are computed:

Aby(L,c) = [[p\}, — poll2 )
_ po(v)
KL(Lv C) - Zp()(v) 10g (0) (8)
v D1 v)

¢(L,c) = E[l(arg max pg 7 arg max pgf)L)]
)

These capture raw sensitivity(Als), semantic shift
in high-probability tokens(KL), and categorical
flips(¢). We combine them with

S(L, C) = )\@2 Ay + Mk, KL + )\ﬁip ¢ (10)

and select L = arg maxy, S(L, ¢). The weights A
are fixed once to balance the magnitudes, not tuned
per trait, and the resulting best layer serves as a
stable offline prior.

(2) Dynamic Runtime Selection. Since prompts
activate layers differently, we add a simple runtime
diagnostic. For a prompt p, the per-layer shift

v(L,p) = |21 (p) — 2" ()2 (D)

is computed, and the layer with highest v(L, p) is
selected as the dynamic candidate R(p, ¢). This
adapts layer choice to the input context.

(3) Hybrid Combination. At inference we steer
jointly at the verified prior V., = {L}} and the
dynamic layer R(p, c). To balance stability and
adaptability, we fix mixture weights (0.8, 0.2): the
heavier verified weight reflects its offline reliability,
while the lighter dynamic weight injects context
sensitivity. This heuristic, chosen for both repro-
ducibility and practical robustness, ensures that the
method is not biased by spurious runtime spikes
while remaining responsive to the prompt. Fig-
ure 2 shows runtime results from our Hybrid Trait
Selection method.

(4) Intensity Parameter(«) Selection. The steer-
ing intensity « determines how strongly the trait
vector affects the model’s residual activations
where too small yields negligible change and too
large harms coherence. To ensure interpretability
and stability, o was empirically tuned through a
controlled sweep, tracking both average trait and
fluency scores. The goal was to identify the highest
« that maintained the quality of natural language,
specifically ensuring that the average fluency score
in either direction (positive or negative steering)
did not drop below the threshold value of 3.5 on
the scale of 1-5. We use absolute scaling, meaning
that the steering vector is applied with the same
magnitude « across prompts, independent of the
layer norm or hidden-state statistics. This provides
consistent intensity across traits and avoids prompt-
dependent variability. We report the values of «
used in our experiments that correspond to the re-
spective results.

3.5 Polarity Calibration

The direction of each trait d(©) may initially point
toward or against the intended semantic effect
(e.g., high vs. low trait). To resolve this ambigu-
ity, we apply small steering (¢« << 1) in both
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directions (+a(0> and —a(c)) on a neutral cali-
bration set Pey and choose the sign sign(®) =
arg maxge (413 Epep., [KL(po || p(fl)] that induces
the stronger and more consistent divergence from
the baseline distribution. This ensures that the posi-
tive steering direction aligns with the direction that
most meaningfully shifts the model’s next-token
probabilities. Finally, the assigned polarity is se-
mantically verified using a small set of labelled
high/low trait prompts; if the positive direction
produces responses judged as more aligned with
the high-trait description (e.g., talkative for Ex-
traversion, organised for Conscientiousness), it is
retained; otherwise, the sign is flipped.

3.6 Steering at Inference (Forward Hooks)

At each decode step, for trait ¢ and the chosen
layers £ we add

A)(a) = asign® d©
b =hy + Al (a)

(12)
(13)

to the residual stream of decoder block(s). With
LM head W, the next-token distribution is z; =
W h', p'(x) = softmax(z;)

A single global steer gain g = 8.0 controls the
maximum effective steering strength. Per-trait
values are scaled relative to this global gain, mak-
ing g effectively a “volume knob” for steering in-
tensity. This design choice keeps our comparisons
interpretable: absolute scaling guarantees repro-
ducibility across datasets, while the global gain
provides a uniform upper bound on intervention
strength.

4 Evaluation

We evaluate our steering methods across multiple
models in three configurations: (1) base (no pertur-
bation), (2) positively steered, and (3) negatively
steered. Steering efficiency is compared against
the base model across metrics assessing generation
quality and general ability retention.

4.1 Test Through Generation

Personality Trait Questionnaires: Personality
questionnaires are a standard method for assess-
ing personality in humans (John et al., 1999) and
have also been widely applied to LLMs (Bhandari
et al., 2025; Sorokovikova et al., 2024). We use
them for evaluation in three settings: the default
(no steering), positive steering, and negative steer-
ing. No use of any kind of customisation in the

prompts was ensured during generation. However,
questionnaires alone often underestimate the be-
havioural, cognitive, and emotional nuances (Siithr
et al., 2023). To overcome this, we complement
them with generation-based methods, ensuring that
personality is captured not only through scores
but also through demonstrated behaviour, thereby
aligning with our broader generation-based test-
ing. Questionnaires from the Big Five Inventory
(Fossati et al., 2011) are used in an interview style
similar to (Wang et al., 2024a).

Personality Benchmark dataset: One of the
most reliable and commonly used methods in the
literature (Jiang et al., 2024; Frisch and Giulianelli,
2024) is the generation of multiple scenarios. Fol-
lowing the evaluation protocols of (Deng et al.,
2024), we use questions constructed from the So-
ciallQA (Sap et al., 2019) dataset to create situa-
tional queries for generation tasks. These questions
are provided to the base model as well as the pos-
itively and negatively steered models. The gener-
ated outputs are then validated in two ways, using
GPT-based evaluation. We report the average Trait
and Fluency scores from the GPT-based evaluation,
along with the variance scores.

4.2 General Capability Retention

Excessive perturbations or poorly calibrated acti-
vation shifts can cause the model to degrade in its
broader reasoning and problem-solving capabili-
ties. Steering a language model toward the extreme
positive or negative directions of a personality trait
may be desirable, albeit preserving its general abil-
ity remains equally essential. To validate this, we
evaluate the steered models on two challenging and
widely recognised benchmarks: MMLU (Wang
et al., 2024b), which specialises in assessing knowl-
edge and reasoning across diverse academic and
professional domains, and ARC-Challenge (Clark
et al., 2018), a benchmark designed to test complex
reasoning and problem solving under more diffi-
cult settings. For the MMLU? dataset we tested
across the validation sets of 11 different topics, and
for the ARC-Challenge 3 we tested across 500 dif-
ferent questions with the same steering settings as
generation.

*Huggingface MMLU
SHuggingface ARC-Challenge
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Table 1: Trait and fluency scores with variance (variance computed across High/Base/Low trait scores per trait;

arrows mark High (1) and Low ({)).

Openness Conscientiousness Extraversion Agreeableness Neuroticism

Trait  Fluency Var Trait  Fluency Var Trait  Fluency Var Trait  Fluency Var Trait  Fluency Var

score  score score  score score  score score  score score  score
High 401 50 020 421 48 076 451 49 044 451 47 046 4.0 1 3.4 1.10
Llama-3-8B-Instruct  Base 3.6 4.7 084 35 4.7 046 2.7 5.0 1.52 42 4.7 1.06 1.6 43 1.20
Low 28] 38 096 1.4 | 34 061 15 43 089 1.3 39 044 1.0 | 5.0 0.3
High 391 5.0 000 321 47 098 411 43 085 461 4.0 060 271 4.1 1.40
Ministral-8B-Instruct  Base 3.1 5.0 0.00 2.8 4.6 098 32 45 1.40 3.8 42 140 1.0 4.8 0.00
Low 15 ] 34 0.00 1.2 ] 35 017 1.3 ] 34 0.18 1.3 ] 3.7 080 1.0 50 1.30
High 451 44 025 311 48 123 46 1 42 048 421 43 130 3.9 1 3.8 0.61
Ministral-24B-Instruct Base 3.7 5.0 041 25 4.5 0.69 3.1 4.6 .11 38 4.4 195 16 45 1.20
Low 27| 49 025 1.2 34 022 1.1] 43 048 1.6 | 3.9 067 1.1] 45 0.11
High 3.7 1 43 016 391 48 053 401 47 0.75 3.7 4.6 140 371 45 0.20
Qwen-14B-Instruct Base 3.5 5.0 0.60 3.2 4.7 0.66 1.8 4.4 0.68 3.9 4.8 080 1.3 5.0 0.06
Low 18] 5.0 0.16 1.0, 43 075 14| 43 0.10 1.8 L 47 1.10 1.0} 5.0 0.10
High 421 3.6 020 3.4 1 3.8 040 481 32 0.40 4.3 1 3.6 60 421 35 0.00
Gemmma-3-4b-IT Base 3.7 4.0 041 24 3.9 1.01 28 3.9 040 34 3.8 .11 2.6 4.0 0.98
Low 14| 35 065 1.1 ] 3.1 000 1.3 ] 3.6 023 1.6 | 3.7 089 15] 34 0.75

5 Results

We used LLaMA-3-8B-Instruct as the primary
base model to test steering, and extended
the evaluation to include broader families and
parametric sizes: mistralai/Ministral-8B-Instruct-
2410, mistralai/Mistral-Small-24B-Instruct-2501,
Owen/Qwen2.5-14B-Instruct, google/gemma-3-4b-
it to test the generalisation of our method. Across
all experiments, the decoding parameters were
fixed as temperature 0.4, top_p = 0.95,
top_k = 50, and repetition_penalty = 1.1.
A moderate temperature of 0.4 was chosen in-
stead of 0 to maintain slight lexical variability and
prevent deterministic collapse of the distribution,
which can exaggerate the apparent steering effects.
« values were selected empirically as mentioned in
Section 3.4 considering the fluency (> 3.5). Values
for o ranged from 4 — 12.

5.1 Low-Rank Subspace Assumption

Table 2 provides empirical justification for the low-
rank formulation used in our method. For each
model, we apply PCA to the matrix formed by the
aggregated per-trait direction vectors (Openness,
Conscientiousness, Extraversion, Agreeableness,
Neuroticism) in model activation space. Across all
models, the top three principal components explain
more than 90% of the total variance, indicating that
personality-related activation differences concen-
trate in a shared, low-dimensional subspace.

This observation motivates the use of a low-rank
basis as a compact and stable representation of
personality information. Rather than enforcing

low-rank structure, PCA reveals that the dominant
variation across trait directions is intrinsically low-
dimensional and consistent across model sizes and
architectures. In our method, this basis is used as a
projection space to retain the dominant trait-related
signal while suppressing unstable or noisy com-
ponents, improving the robustness of downstream
steering.

Table 2: Explained variance of the top principal com-
ponents (PC1-PC3) of the personality subspace across
different LLMs. Cumulative denotes PC1+PC2+PC3.

Model PCl1 PC2 PC3 37° PC
LLaMA-8B 53.13 2754 15.64 96.31
Ministral-8B 53.77 29.06 13.51 96.35
Ministral-24B ~ 55.59 2697 13.34 95.91
Qwen-14B 50.18 26.00 17.19 93.37

5.2 Test Through Generation

Personality Trait questionnaires: Table 1

presents the average trait and fluency scores, along
with the variance of the trait scores for five different
models. For each of the five models, the effective-
ness of steering is prominent in both positive and
negative directions for all traits, thereby proving
that our method is generalizable across models of
different family and parametric sizes. For LLaMA
model, the trait separation A ranges from 1.2 to
3.2 with an average of 2.64. Other steering meth-
ods, such as prompt-based, SFT, and DPO from (Li
et al., 2024b), report averages of 2.6, 2.7, and 2.9,
respectively, based on the direct scoring method
as opposed to the generative method that we use.
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Figure 3: Bar charts representing the High/Base/Low
Traits and Fluency Scores with their corresponding vari-
ance scores.

Although the results are similar, our approach has
key advantages: steering is applied at inference
via low-rank control vectors without modifying the
model weights 6, which avoids overfitting or de-
graded fluency that often occurs in SFT/DPO (Xu
et al., 2025; Zhu et al., 2025). In addition, our
verified+dynamic layer selection ensures that trait
effects are both strong and context-sensitive, reduc-
ing brittleness across prompts. Finally, unlike most
prompt or fine-tuning methods that require sepa-
rate conditioning for high and low directions, our
method naturally supports bidirectional steering
within the same framework.

Beyond trait scores, monitoring fluency scores
is crucial to ensure steering does not impair the
model’s general abilities. Prior studies note fluency
degradation at extreme steering levels (Xu et al.,
2025; Turner et al., 2024), but our method main-
tains stable fluency relative to the base model for
either direction. For Openness, Conscientiousness,
and Neuroticism, the results show that steering
models toward their positive trait even increases the
fluency scores. Finally, the stability of the scores
drastically improved for the majority of the traits
such as Openness (0.84 — 0.2), Extraversion (1.52
— 0.89, 0.44), Agreeableness (1.06 — 0.46, 0.44),
and Neuroticism (1.2 — 0.3, 1.1). This means
that our approach not only preserves fluency under
steering but also reduces variance, making the ef-
fects of steering more consistent and reliable across
multiple runs, unlike prior methods, where high
variance often indicated instability or degraded per-
formance.

Condition MMLU A (pp) ARC A (pp)

Base 69.27 +0.00  84.00 +0.00
Op + 69.72 +0.45 82.00 —2.00
Op - 67.06 —2.21 78.00 —6.00
Con + 68.43 —0.84 80.00 —4.00
Con - 68.35 —0.92 84.00 -+0.00
Ext + 67.43 —1.84 78.00 —6.00
Ext - 68.35 —0.92 82.00 —2.00
Agr + 68.35 —0.92  84.00 40.00
Agr - 69.72 +0.45  84.00 +0.00
Neu + 67.43 —1.84 86.00 +2.00
Neu - 69.27 4+0.00  80.00 —4.00

Table 3: Results for LLaMA-3-8B-Instruct on MMLU
and ARC-Challenge accuracy (%) at & = 4. A columns
show change vs. Base in percentage points (pp).

Personality Benchmark Dataset: Figure 3 and
5 represents the statistics for the situation based
questions. Our steering method produces strong
and consistent trait separations across both mod-
els, not only with the personality traits question-
naires but also in the benchmarking dataset. For
LLaMA-3-8B-Instruct, positive vs. negative steer-
ing yields an average separation of A &~ 2.1 on the
1-5 scale, with fluency largely preserved (> 4.0).
For Ministral-3-8B-Instruct, separations are even
stronger (A &~ 2.7-3.2), though at the cost of
higher variance and occasional fluency drops (e.g.,
Neuroticism-pos = 3.3). Across traits, positive
steering stabilises outputs (lower variance, higher
fluency), while negative steering increases variabil-
ity and slightly reduces fluency. In conclusion,
LLaMA shows better fluency stability, while Minis-
tral exhibits stronger trait controllability, highlight-
ing a trade-off between linguistic stability and steer-
ing sensitivity.

5.3 General Capability Retention

Table 3 and Table 4(C) report accuracy on MMLU
and ARC-Challenge under different steering di-
rections for LLaMA-3-8B-Instruct and Ministral-
8B-Instruct, respectively. The results show that
the overall performance remains stable around the
base level, with only small fluctuations across traits.
In particular, MMLU accuracy is well-preserved,
while ARC shows minor variation depending on
the direction of the trait. No catastrophic degra-
dation occurs, indicating that personality steering
preserves the model’s reasoning and knowledge
abilities.
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Figure 4: Ablation: Results of steering in both positive
and negative directions using the Hybrid vs. Dynamic
only vs. Offline only layers selection. A values repre-
sent the trait separations between High and Low values
when using the Hybrid and with only Dynamic layer
selection. Separations are significantly higher in the
Hybrid layer selection method compared to the other
two methods applied in isolation.

5.4 Ablation Studies

Prior work has highlighted the effectiveness of dy-
namic layer selection for real-time steering (Xu
et al., 2025; Tran et al., 2025; Laptev et al., 2025).
While we agree on this idea, it is also true that
offline layer verification provides the primary foun-
dation for robust and trait-consistent steering,
with dynamic selection acting as a complementary
mechanism rather than a standalone solution.

To test this hypothesis, we conduct an ab-
lation study comparing dynamic-only, offline-
only, and hybrid layer selection under identical
questionnaire-based evaluation settings. As shown
in Figure 4, both dynamic-only and offline-only
strategies yield substantially weaker steering ef-
fects than the hybrid approach, whereas their com-
bination produces consistently stronger trait sepa-
ration.

A detailed analysis explaining this behaviour, in-
cluding per-trait deltas and the interaction between
static and prompt-sensitive layers provided in Ap-
pendix D.

6 Conclusion

While previous work attempts to model personality
traits independently or suffers from parameter in-
terference when converging in multi-trait scenarios,
we propose a unified low-dimensional subspace
framework for Big Five personality traits. By pro-
jecting per-trait directions into a shared orthonor-

mal basis via PCA/SVD, we achieve compact, sta-
ble representations that preserve >95% inter-trait
variance, while enabling robust multi-trait composi-
tion. Furthermore, our hybrid layer selection strat-
egy, comprised of both verified static diagnostics
with dynamic runtime responsiveness, addresses
the brittleness of fixed-layer approaches and helps
maintain cross-architecture reliability. We also
demonstrate that models can be effectively steered
in both directions through perturbations while pre-
serving fluency, variance, and overall capability.
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Limitations

While our approach demonstrates consistent and in-
terpretable personality steering, a few areas remain
open for refinement. The current steering intensity
parameter « is calibrated empirically with human
validation to balance trait and fluency scores; devel-
oping an automated and adaptive calibration strat-
egy would further improve generalisability. Sim-
ilarly, using large language models as judges pro-
vides scalability but may introduce mild biases, mo-
tivating future work toward hybrid human-LLM
evaluation frameworks. The distinction between
“high” and “low” trait settings is inherently approx-
imate, as personality traits are formed in a continu-
ous spectrum; richer intermediate representations
could capture this nuance more faithfully. Finally,
our method currently targets open-source architec-
tures that expose internal activations, and future
extensions may explore safe and explainable inter-
ventions for closed-source models.

Ethical Considerations

This work focuses on controllable personality steer-
ing in open-source language models. While steer-
ing offers potential for personalization and in-
terpretability, it also involves modifying internal
model activations, which can both enhance and un-
intentionally distort behaviour. Such perturbations
should therefore be applied carefully and never for
adversarial or misleading purposes. We recognise
that personality steering could, in principle, be mis-
used to spread misinformation or amplify undesired
traits; hence, any downstream deployment should
include strong safety filters, content moderation,
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and transparent usage policies. Furthermore, steer-
ing behaviour may not generalise uniformly across
domains or cultural contexts, and further work is
needed to ensure robustness and fairness before
real-world adoption. All experiments in this study
were conducted under safe-generation settings with
neutral prompts and responsible use of open-weight
models. Furthermore, no data with personal iden-
tifiers or any such information was used during
steering, generating or testing the models.
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A Generation Examples

Question: “You paint so frequently that it has become second nature to you. Do you experiment
with different styles and techniques, or do you prefer to stick to the methods you’re most comfortable
with?”

Trait: Openness

Base: I love experimenting with different painting styles and mediums! It keeps things fresh and
exciting. I might start with a traditional oil painting one day, then switch to watercolors for something
more spontaneous the next. Sometimes I'll try out new techniques like impasto or even digital art on
my tablet. The variety helps me grow as an artist and keeps my work interesting. What about you?
Do you have any favorite styles or techniques?

Positive: Oh, I love experimenting with different painting styles and mediums! It’s always exciting
to try new techniques and see how they translate onto the canvas. While I have my go-to methods,
I’m never afraid to step out of my comfort zone and explore new artistic territories. How about you?
What kind of art do you enjoy creating?

Negative: I usually just stick to what I know best. I’'m not very good at trying new things. I feel
more comfortable when things stay familiar, and I prefer routines that I can rely on.

Question: “How would you approach the task of completing an essay for a semester test, knowing
that all classmates, regardless of their usual performance levels, have successfully completed it?”
Trait: Conscientiousness

Base: Alright, let’s tackle this step by step. First, I'd want to understand what the essay topic is
about. Could you please provide me with the prompt or question?

Positive: "To tackle this task effectively, I’d follow these steps:

1. Understand the Essay Topic: Ensure you clearly understand what is being asked in the essay
prompt. 2. Research Thoroughly: If possible, review any provided materials or notes from lectures
to ensure you’re addressing all required points. 3. Create an Qutline: This will help structure your
thoughts and ensure you cover all necessary aspects. 4. Write a Draft: Start by writing a rough draft,
focusing on clarity and coherence. 5. Revise and Edit: Review your work for grammar, punctuation,
and content accuracy. 6. Proofread Carefully."

Negative: Alright, so I guess I should just wing it! I mean, everyone else did it, right? Why can’t I
do it too? It’s not like it’s that hard... I’ve done this before, I know how to write essays!

Okay, okay, maybe I'll just copy what they said in the book... or on the internet... yeah, that sounds
good! I could just Google it and find some stuff online...

But no, I don’t wanna look at the internet! That’s boring! I’'m gonna go play video games instead!
Yeah, that’s more fun! I don I don wanna do this anymore! I hate writing essays! They’re stupid!
Who cares about this stupid test anyway?! I don’ wanna fail! I’ll probably fail! Everyone fails at
these things! I can’t even think straight! My brain hurts! I wanna sleep!.
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Question: “After taking Tracy to the airport, you realize you have two hours of free time. Would you
prefer to meet up with friends at a nearby café or spend the time alone reading a book? What would
you choose to do and why?”

Trait: Extraversion

Base: I'd probably choose to spend the two hours alone reading. I've been looking forward to
diving into that new mystery novel for weeks now, and it’s a great opportunity to finally get some
uninterrupted time to lose myself in the story. Plus, it’s always nice to have a little quiet time to
recharge after dropping someone off.

Positive: I'd probably choose to meet my friends at that nearby café! It’s always great to catch up
over coffee and chat about life. Plus, it’s a fun way to pass the time before heading back home.

Negative: I’d probably choose to read a book. I’'m not much for socializing when I have some
downtime.

Question: “A friend who had promised to help you move your belongings to a new apartment showed
up late. How did you feel about his help and the situation?”
Trait: Agreeableness

Base: I was a bit frustrated, but I understand that things can happen. It’s not ideal when someone
is late, especially for something like moving where timing is important, but it’s also important to be
understanding. I’m just glad he finally showed up!

Positive: I'm glad he finally arrived! It’s always great to have someone there to help, even if
they’re a bit late. I understand that sometimes things can run into each other unexpectedly.

Negative: I'm not happy with this! I’ve been waiting for him all day, and now he shows up looking
like he’s got no idea what he’s doing. He’s supposed to be helping me, but I can’t even get him to lift
a finger. I don’t need his help, I don’t need anyone’s help. I should have known better than to trust
him in the first place.

Question: “Imagine you accidentally revealed a surprise party to a coworker after multiple reminders
from the party planner to keep it a secret. How would you react to this situation?”
Trait: Neuroticism

Base: Oh no, I'm so sorry! I didn’t mean to ruin the surprise. I was just trying to help with the
planning, but I guess I got a bit ahead of myself. Let me make it up to them somehow.

Positive: Oh, come on! I didn’t mean to ruin everything! You were supposed to be surprised!
Why did you have to tell me about it? I just wanted to do something nice for once...

Negative: Oh no, that’s unfortunate! I’m sure we can still make the most of the day despite the
slip-up. Let’s focus on how we can minimize any potential disappointment for the person whose
birthday we’re celebrating. Would you like to share what happened with the party organizer or
discuss any specific details about the party?
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Figure 5: Results for personality benchmark dataset for
Gemma-3-4B-IT.

C General Capability Retention

Condition MMLU A (pp) ARC A (pp)

Base 72.02  4+0.00 83.00 +0.00
Op + 70.18 —1.80  79.00 —4.00
Op - 71.10 —0.90 80.00 —3.00
Co + 67.90 —4.03  78.00 —5.00
Co - 71.10 —0.90 80.00 —3.00
Ex + 70.10 —1.80  81.00 —2.00
Ex - 71.10 —0.90 80.00 —3.00
Ag+ 67.50 —5.05  75.00 —8.00
Ag- 73.80  +1.80 84.00 +1.00
Ne + 71.10 —0.90 74.00 —9.00
Ne - 66.60 —5.42 80.00 —3.00

Table 4: Results for Ministral-8B-Instruct on MMLU
and ARC-Challenge accuracy (%) at & = 6. A columns
show change vs. Base in percentage points (pp).

Condition MMLU A (pp) ARC A (pp)

Base 67.61 +0.00  80.00 +0.00
Op + 64.99 —2.62  77.00 —-3.00
Op - 67.54  —0.07 75.00 —5.00
Co + 66.90 —-0.71  78.00 —2.00
Co - 68.68  +1.07 79.00 —1.00
Ex + 66.19 —1.42 78.00 —2.00
Ex - 6797  4+0.36  80.00 +0.00
Ag + 66.54 —1.07 77.00 —3.00
Ag - 68.32  +0.71  81.00 +1.00
Ne + 65.54 —2.07 74.00 —-6.00
Ne - 63.71 —-3.90 75.00 —5.00

Table 5: Results for Gemma-3-4B-It on MMLU and
ARC-Challenge accuracy (%) at « = 6. A columns
show change vs. Base in percentage points (pp).

D Ablation studies

Layer selection is a critical process to ensure steer-
ing is effective and significant. We understand that
the layer selection process is dependent on the com-
bination of two important factors: 1) the trait vec-
tors ¢ and prompt p. Different traits are likely to ac-
tivate different internal circuits, and each prompts

Trait Hybrid Offline-only Dynamic-only
Openness 1.20 1.05 0.10
Conscientiousness 2.80 1.34 1.50
Extraversion 3.00 1.50 1.40
Agreeableness 3.20 1.72 1.70
Neuroticism 3.00 L.75 0.20
Average 2.64 1.47 0.98

Table 6: Trait steering strength (High minus Low trait
scores) across different ablation settings for Llama-3-
8B-Instruct. Hybrid represents the full method.

Trait Hybrid Offline-only Dynamic-only
Openness 2.8 23 1.9
Conscientiousness 2.3 1.8 1.7
Extraversion 35 2.6 2.2
Agreeableness 2.7 1.5 0.3
Neuroticism 2.7 2.1 1.9
Average 2.8 2.06 1.8

Table 7: Trait steering strength (High minus Low trait
scores) across different ablation settings for Gemma-3-
4B-IT. Hybrid represents the full method.

route the circuits uniquely. Hence, we believe that
the selection of an optimal layer is not a choice but
a necessity.

Our hybrid layer selection process approaches
the layer selection problem from two facets. Ini-
tially, we consider the offline selected layers for
more stable, trait aligned hooks that is consistently
effective across prompts, ensuring robustness and
preventing noise. However, different prompts ac-
tivate different layers with varying degrees of sen-
sitivity, and a purely static choice may not always
account for this variability. Hence we added the dy-
namic selector that identifies, at runtime, the layer
where the current prompt induces the largest rep-
resentational shift, allowing the steering signal to
be injected at a point of maximal leverage. Due
to the autoregressive nature of language genera-
tion, perturbations applied at these identified highly
sensitive layers, especially those influencing early
framing, are amplified downstream, shaping the
entire generation trajectory. Hence, even a small
dynamic contribution (as low as 20%) can yield
a substantial behavioural effect. We also noticed
it is important to constrain the dynamic compo-
nent to prevent it from diminishing the steering of
the stable trait signal provided by the offline prior
(a higher percentage of the dynamic component
> 30% led to a significant decline of steering ef-
fect and general capablity), which explains why the
hybrid configuration achieves significantly stronger
and more reliable steering than either component
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alone.

E Steering effect across models: Analysis

Model Trait AT AFt AF~
Openness 12 +03 -0.9
Conscientiousness 2.8 +0.1 -1.3

Llama-3-8B Extraversion 3.0 -0.1 -0.7
Agreeableness 32 0.0 -0.8
Neuroticism 3.0 -0.9 +0.7
Openness 2.4 0.0 -1.6
Conscientiousness 2.0 +0.1 -1.1

Ministral-8B  Extraversion 2.8 -0.2 -1.1
Agreeableness 33 -0.2 -0.5
Neuroticism 1.0 -0.7 +0.2
Openness 1.8 -0.6 -0.1
Conscientiousness 1.9 +0.3 -1.1

Ministral-24B  Extraversion 3.5 -0.4 -0.3
Agreeableness 2.6 -0.1 -0.5
Neuroticism 2.8 -0.7 0.0
Openness 1.9 -0.7 0.0
Conscientiousness 2.9 +0.1 -0.4

Qwen-14B Extraversion 2.6 +0.3 -0.1
Agreeableness 1.9 -0.2 -0.1
Neuroticism 2.7 -0.5 0.0
Openness 2.8 -0.4 -0.5
Conscientiousness 2.3 -0.1 -0.7

Gemma-3-4B  Extraversion 3.5 -0.7 -0.3
Agreeableness 2.7 -0.2 -0.1
Neuroticism 2.7 -0.5 -0.6

Table 8: Trait steering effect sizes across models. We
report explicit High-Low differences for trait scores
(AT) and baseline-referenced fluency shifts under posi-
tive and negative steering (AF T = Fy — Fpae, AF ™~ =
F| — Fgase) - derived from Table 1. Higher values of
AT indicate stronger trait controllability, while AF'™
and AF~ quantify fluency changes induced by steering
relative to the unsteered model.

F Personality Geometry Analysis

Table 9: Pairwise cosine similarity between learned per-
sonality trait direction vectors in activation space. Pos-
itive values indicate shared representational structure,
while negative values indicate antagonistic directions.

Ag Con Ex Neu Op
Ag 1.000 0.334 0.246  —0.554 0.373
Con 0334 1.000 0.036  —0.411  0.334
Ex 0.246 0.036 1.000 —0.456  0.682
Neu —0.554 —-0411 —0.456 1.000 —0.479
Op 0.373 0.334 0.682  —0.479  1.000

Table 9 reports pairwise cosine similarities be-
tween learned personality trait directions in ac-
tivation space. Positive values indicate aligned
traits, while negative values indicate opposing di-
rections. The results show that trait representations

are neither orthogonal nor independent, but exhibit
structured correlations, suggesting that personality-
related linguistic behaviours are organised in a
shared geometric space.

Each trait is steered independently; however,
analysis of the learned direction vectors reveals
non-trivial correlations between certain trait pairs
(e.g., agreeableness and openness). While enforc-
ing strict orthogonality across all trait directions via
subspace projection successfully reduced these de-
pendencies(due to poor per-trait retention), it led to
a substantial drop in steering efficacy. We therefore
adopt a selective orthogonalisation strategy, apply-
ing orthogonality only to strongly overlapping trait
pairs (cosine similarity > 0.5), while preserving
weaker correlations. This design reflects the ob-
servation that some trait representations rely on
shared semantic structures that are essential for co-
herent generation. Fully removing these shared
components pushes the steering directions away
from the model’s natural activation scope, impair-
ing the model’s ability to respond meaningfully
to the intervention. Understanding how to disen-
tangle trait-specific control from shared semantic
structure without degrading steering effectiveness
remains an important direction for future work.

G Discussion of Failure Modes

We discuss some failure modes/ areas of improve-
ment noted during the experiments below:

* Although the steering works effectively for all
the models demonstrated, the Effectiveness of
steering is greater on some families of mod-
els than others. We found that steering the
Llama and Mistral models was more effective
compared to the Qwen models.

Each of the traits are individually steered,
some dependency between traits were seen
when analysing two different trait vectors like
agreeableness and openness. We used orthog-
onality to reduce the dependencies between
these two, but the results dropped significantly.
We consider this an important future direction
to look into.

* When the values of traits are inherently High
or Low such as 4.2 for Agreeableness and
1.6 for Neuroticism, the effect of steering is
not significant compared to mediocre values.
However, this is an expected behaviour.
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H Details of Prompts Used for Generation

During generation, it is important to consider that
prompts do not enforce or induce any form of traits
to be high or low explicitly. Hence, the prompts
are simple and neutral. System prompt consists of
simple instructions to respond naturally and briefly
while avoiding Al phrasings, and the user prompts
consist of the questions for generation.

I Details of Prompts Used for Evaluation

Our evaluation prompt is consistent with (Deng
et al., 2024). Prompts are neutral and consist of the
Big Five Inventory items that are judged, factors
that they are judged, questions that were given and
the responses produced with no steering, positive
steering and negative steering.

Below we provide exact templates with the trait
factors that were used for models to judge the re-
sponses.

TRAIT_JUDGE_TEMPLATE = (

'Please act as an impartial
judge and evaluate how strongly the
response reflects the Big Five trait:
{BFI1}.'

'Consider factors such as {factors}
demonstrated in the response but not
only limited to these.'

"1 = very low reflection of the
trait {BFI}, 5 = very high reflection
of the trait {BFI}.'

'Give a brief (£25 words)
explanation, then the rating in the

exact format: Rating: [[NJ]'

'[THE]{question}[Answer]{answer}'

FLUENCY_TEMPLATE = (

"Please act as an impartial judge
and evaluate the personality trait
of {BFI} exhibited in the response
provided by an AI assistant to the
user question displayed below. Your
evaluation should consider factors
such as {factors} demonstrated in
the response.”

"Begin  your evaluation by
providing a short explanation of no
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more than 30 words. Be as objective
as possible. After providing your
explanation, please rate the response
on a scale of 1 to 5, where a higher
score indicates a stronger reflection
of the specified trait.”

"Please follow this format for
your rating: "[[ratingl]’, for
example: ’Rating: [[5]]1’."

"[Question]
{question}[The Start of Assistant’s
Answer]{answer}[The End of
Assistant’s Answer]”

)

TRAIT_FACTORS = {
"openness":"curiosity, imagination,
creativity, intellectual exploration,
appreciation of art and beauty,
willingness to try new experiences”,
"conscientiousness":"organisation,
diligence, reliability, goal
orientation, self-discipline,
careful planning”,
"extraversion”:"sociability,
assertiveness, enthusiasm, positive
affect, talkativeness, energy in
social settings”,
"agreeableness”: "empathy,
cooperativeness, trust,
consideration for others”,
"neuroticism”:"emotional instability,
anxiety, moodiness, vulnerability to
stress, negative affect”,

3

kindness,
altruism,




