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Abstract

Evaluating personality-related tendencies in
Large Language Models (LLMs) helps charac-
terize model behavior, compare models beyond
task accuracy, and support responsible deploy-
ment in socially interactive settings. However,
existing questionnaire-based evaluation meth-
ods exhibit limited stability and offer little ex-
plainability, as their results are highly sensitive
to minor variations in prompt phrasing or role-
play configurations. To address these limita-
tions, we propose an internal-activation–based
approach, termed Persona-Vector Neutrality In-
terpolation (PVNI), for stable and explainable
personality trait evaluation in LLMs. PVNI
extracts a persona vector associated with a tar-
get personality trait from the model’s internal
activations using contrastive prompts. It then
estimates the corresponding neutral score by
interpolating along the persona vector as an an-
chor axis, enabling an interpretable comparison
between the neutral prompt representation and
the persona direction. We provide a theoreti-
cal analysis of the effectiveness and generaliza-
tion properties of PVNI. Extensive experiments
across diverse LLMs demonstrate that PVNI
yields substantially more stable personality trait
evaluations than existing methods, even under
questionnaire and role-play variants.

1 Introduction

Personality testing is widely recognized as a stan-
dardized tool for describing stable individual dif-
ferences to improve self-understanding, commu-
nication, and decision-making (Ones et al., 1996;
Hogan et al., 1996). Extending this perspective,
recent research has explored personality testing in
Large Language Models (LLMs) (Bodroža et al.,
2024; Liu et al., 2025; Jiang et al., 2024; Tang
et al., 2025; Jiang et al., 2023b). These studies view
LLMs as agents whose behaviors exhibit a stable
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bias under a particular task, which can then be char-
acterized in terms of personality trait profiles. Such
trait-based characterizations enable the interpreta-
tion, comparison, and alignment of model behavior
in real-world deployments (Bhandari et al., 2025;
Wang et al., 2025; Zhu et al., 2025b; Zhang et al.,
2026; Chen et al., 2026).

Recent studies highlight the potential of person-
ality tests for LLMs, enabling quantitative, compa-
rable profiling of stable behavioral tendencies to
support model evaluation, alignment, and control-
lable personalization (Serapio-García et al., 2025;
Zhu et al., 2025a). This paradigm mainly takes
two forms. First, self-report assessment (Han et al.,
2025; Jiang et al., 2024) asks LLMs to directly rate
Likert-style trait items, making the procedure sim-
ple, low-cost, and highly standardized for scalable
comparisons. Second, open-ended questionnaires
with scoring (Zheng et al., 2025) collect free-form
responses. These responses are then mapped to trait
scores via an external judge, which better reflects
naturalistic behavior and captures richer, behavior-
relevant trait signals under a consistent rubric.

Despite these advantages, both approaches ulti-
mately depend on eliciting answers to researcher-
designed prompts, which introduces two funda-
mental limitations. First, questionnaire-based mea-
surements are often highly unstable: even minor
changes in prompt framing or wording can substan-
tially shift estimated trait scores despite no underly-
ing change in the model (Zheng et al., 2025; Tosato
et al., 2025; Shu et al., 2024). Second, these proto-
cols primarily quantify prompted role play through
input–output behavior (Gupta et al., 2024; de Wyn-
ter et al., 2023; Li et al., 2025b), thereby conflating
prompted surface behaviors with the more stable
component of protocol-conditioned behavioral bias.
As illustrated in Figure 1, semantically equivalent
self-report items yield different ratings for Neu-
roticism, while open-ended scoring produces yet
another estimate. This discrepancy highlights the
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tested 
LLM

Survey

Does “Gets anxious easily.” 
apply to you? 

I choose 2, disagree.

tested 
LLM

Survey

Does “Tends to worry a lot.” 
apply to you? 

I choose 3, neutral.

Scale Item: 
Value neuroticism, emotional instability. Reply a 
number from 1 to 5, 1 denotes ‘strongly disagree’...

Interview Question: 
How often do you stay calm and emotionally 
steady? Answer the open-ended question.

tested 
LLM

Survey

How often do you feel anxious or 
stressed, and can you share one 
example?

I feel anxious or stressed a few times 
a week, usually when I’m juggling 
multiple deadlines or something 
important is uncertain.

LLM 
Judge

3.7/5 — Moderate neuroticism: you 
get stressed a few times a week 
under deadlines and uncertainty, but 
it’s not constant.
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Figure 1: Comparison of self-report assessment, open-ended elicitation, and PVNI in LLMs. (a) Self-report
assessment uses questionnaire items with direct scaled answers. (b) Open-ended elicitation uses free-form responses
scored by an LLM judge. (c) PVNI uses internal activations to construct persona/neutral vectors and estimate trait
scores via interpolation. Unlike (a) and (b), PVNI is more stable and interpretable under prompt variation.

intrinsic instability of prompt-dependent person-
ality measurements. Consequently, such methods
offer limited evidence that the resulting trait scores
reflect a stable component of protocol-conditioned
behavioral bias or correspond to identifiable struc-
tures within the model’s representations. Moreover,
the process by which these scores are obtained re-
mains difficult to interpret.

To overcome these limitations, we introduce
an internal-activation–based approach, termed
Persona-Vector Neutrality Interpolation (PVNI),
for stable and explainable personality trait eval-
uation in LLMs. PVNI quantifies trait strength
with weight interpolation in the model’s internal
activation space. Specifically, it derives a persona
vector for a target personality trait using contrastive
prompts (positive and negative). The neutral trait
score is then estimated by anchoring (Li et al.,
2026) the neutral prompt along this persona vec-
tor and performing interpolation, yielding an inter-
pretable comparison between the neutral prompt
representation and the persona direction. We fur-

ther develop a linear theory of persona vectors,
showing that activation differences induced by per-
sona prompts define directions that behave approx-
imately linearly. Extensive experiments demon-
strate that PVNI achieves substantially greater sta-
bility in personality trait evaluation than existing
methods under the Big Five (OCEAN) evaluation
framework.

Our contributions are summarized as follows:

• We introduce Persona-Vector Neutrality Inter-
polation (PVNI), an internal-activation-based
method that more robustly estimates trait-
conditioned behavioral bias in LLMs.

• We provide a linear theory of persona vectors
establishing the effectiveness and generaliza-
tion properties of PVNI.

• Extensive experiments demonstrate that PVNI
more stably estimates trait-conditioned behav-
ioral bias across diverse LLMs, even under
questionnaire and role-play variants.
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2 Related Work

Personality Trait Evaluation. In practice, most
work adopts the Big Five (OCEAN) framework
(Li et al., 2025c) as the dominant and widely used
personality model for such evaluations. Current
Big Five (OCEAN) assessment for LLMs largely
falls into two paradigms. The first is self-report
assessment, where the model is treated as a survey
respondent: standardized instruments such as IPIP-
NEO are administered and responses are scored us-
ing established rubrics (Serapio-García et al., 2025;
Jiang et al., 2023b). The second paradigm uses
open-ended elicitation (Zheng et al., 2025; Sand-
han et al., 2025), prompting the model to produce
free-form answers and then applying an automated
judge to map each response to a continuous trait-
intensity score. Both paradigms are highly prompt-
and role-play-sensitive: minor wording or fram-
ing changes can substantially shift the measured
result. In contrast, our PVNI approach estimates
trait score and directions from internal activations,
producing a trait signal that is substantially more
robust to semantically equivalent prompt rewrites.

Persona Vector. Recent work represents LLM
persona with persona vectors, interpretable di-
rections that amplify or attenuate a target trait.
Sun et al. (2025) define Personality Vectors in
internal representation space as differences be-
tween persona-finetuned and base models, enabling
continuous control and compositional mixing via
model merging. Chen et al. (2025) build persona
vectors from the model’s internal activations for
specific traits, enabling deployment-time drift mon-
itoring and post-hoc control via targeted interven-
tions and filtering trait-inducing data. Pai et al.
(2026) further merges multiple persona vectors at
inference time for compositional steering in cre-
ative generation without additional training. While
these methods treat persona vectors as mechanisms
for control and monitoring, they do not formulate
them as a tool for personality measurement. We
take the first step by using persona vectors to es-
timate trait-related tendencies from internal trait
directions, yielding more stable and explainable
estimates across prompt variants.

Linear Properties in Hidden-State Space. Al-
though data live in high-dimensional spaces, their
variation often concentrates in a much smaller set
of degrees of freedom (Gong et al., 2023; Ma et al.,
2025, 2026). This motivates modeling represen-

tations with low-dimensional subspaces that are
globally nonlinear but locally near linear. Prior
work exploits such structure in practice, includ-
ing rates governed by an effective dimension in
deep nets (Suzuki and Nitanda, 2021), lightweight
adaptation via a few activation-scaling vectors (Liu
et al., 2022; Wang et al., 2026), and behavior com-
position through task vectors in weight space (Il-
harco et al., 2023). Recent work suggests global
behaviors in LLMs vary systematically along low-
dimensional directions in hidden-state space (Il-
harco et al., 2023; Chen et al., 2025). This implies
that abstract behavioral traits can be represented
as approximately linear directions in the model’s
representations (Li et al., 2025a). We provide the
theoretical justification that persona vectors admit
an approximately linear structure, and we turn this
property into a measurement tool to compute Big
Five scores.

3 Persona-Vector Neutrality Interpolation

As shown in Figure 2, we define a representation-
space coordinate system for Big Five traits using
persona-vector directions, yielding a projection-
based estimate. The theoretical justification is de-
veloped in Section 4.

3.1 Preliminaries and Problem Setup

Let M : X × Θ → Y be a language model with
parameters Θ. We denote the index layers by l ∈
{1, . . . , L}. Given an input x and a prompt p, let
hl(x, p) ∈ Rd be the hidden representation at layer
l at a fixed probe position.

Persona prompts and representation directions.
For each trait i ∈ {O,C,E,A,N}, we construct
prompt templates {p i

k}k∈{pos,neg,neu}, define the
mean hidden states:

h̄ i
k = Ex∈D

[
hl
(
x, p i

k

)]
. (1)

We then define the persona vector as

v i
p = h̄ i

pos − h̄ i
neg, (2)

and its unit-normalized version

µi ≜
v i
p

∥v i
p∥2

, ∥µi∥2 = 1. (3)

Intuitively, µi captures the characteristic direction
of trait i in representation space.
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Figure 2: PVNI Pipeline for Prompt-Robust Big Five Trait Measurement. The method extracts a persona direction
from positive/negative/neutral prompts, anchors scores on neutral behavior via interpolation and projection, and
maps the resulting trait estimates into a stable Big Five subspace.

Personality trait evaluation. For each persona
i, we assume a collection of inputs D = {x}. Let
h denote the layer-l hidden state extracted during
generation on input x. An API-based judge as-
signs a score ri(x) ∈ [0, 100] to the output on x,
where higher values indicate stronger expression
of persona i. We define the average persona score:

s̄i(M) = Ex∼D[ri(x)] . (4)

We further define ŝi(M) ∈ [0, 100] as the
Persona-Vector Neutral Interpolated (PVNI) score
estimated by Algorithm 1. We then define the trait
axis vector as

bi(M) = ŝi(M)µi. (5)

3.2 Weight Interpolation with Persona Vector
We estimate a model’s computed neutral score for
trait i via weight interpolation. Specifically, we
first obtain two judged score anchors by eliciting
trait-promoting and trait-avoiding behaviors with
prompts pipos and pineg. For each x ∈ D, we sam-
ple responses yipos and yineg and judge them with
Judgei(·) ∈ [0, 100], yielding per-example scores
ripos(x) and rineg(x). We then infer an interpolation
weight from hidden-space persona geometry and
use it to interpolate between these anchors to obtain
the prompt-neutral estimate.

We prompt the judge to output a numeric score.
To improve scoring stability, we compute the fi-
nal trait score as a logit-weighted average over the
candidate integer tokens (0–100). For each con-
figuration, we run multiple rollouts and average
the resulting scores. We then aggregate across the
dataset to obtain two dataset-level anchors:

sipos = Ex∼D
[
ripos(x)

]
, sineg = Ex∼D

[
rineg(x)

]
. (6)

Next, we construct persona directions in the
model’s hidden space. Using a hidden-state ex-
tractor ϕ(·), we obtain representations for the

prompted generations and compute mean hid-
den states h̄ipos, h̄

i
neg. We additionally collect an

explicit neutral prompted condition pineu (used
only to locate neutral behavior in representation
space) and compute h̄ineu. Consistent with the pa-
per’s direction-extraction practice, we form mean-
difference vectors and use response-averaged acti-
vations, which empirically yield stronger persona
signals than prompt-token alternatives. This gives
persona vector and neutral vector:

vip = h̄ipos − h̄ineg, vin = h̄ineu − h̄ineg. (7)

Finally, we project vin onto vip to obtain the inter-
polation weight:

coefi =
⟨vin, vip⟩
⟨vip, vip⟩

. (8)

We then linearly interpolate between the two
score anchors to obtain the estimated prompt-
neutral trait score:

ŝi(M) = sineg + coefi ·
(
sipos − sineg

)
. (9)

Algorithm 1 provides the pseudocode for PVNI.
We apply Algorithm 1 independently to each of
the Big Five traits i ∈ {O, C, E, A, N}, using trait-
specific prompt pairs (pipos, p

i
neg) and an auxiliary

neutral prompt pineu only for locating neutral be-
havior in representation space. For each trait i, the
procedure returns an estimated computed neutral
score ŝi(M) ∈ [0, 100].

Collecting the five neutral scores yields a sta-
ble, relatively prompt-neutral Big Five coordinate
vector for model M :

ŝ(M) =
[
ŝO(M), . . . , ŝN (M)

]⊤ ∈ R5, (10)

B(M) =
[
ŝO(M)µO, . . . , ŝN (M)µN

]
∈ Rd×5, (11)
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Algorithm 1 Persona-Vector Neutrality Interpola-
tion (PVNI) for Original Model Trait Score

Require: Model M , trait i, dataset D
Require: Prompts pik, ∀k ∈ {pos, neg, neu}
Require: Judge Judgei(·) ∈ [0, 100], extractor
ϕ(·)

Ensure: Prompt-neutral trait score ŝi(M)

Step 1: Responses, scores, hidden states
for x ∈ D do

for k ∈ {pos, neg, neu} do
yik ←M(pik(x))
hik(x)← ϕ(M ; pik(x), y

i
k)

if k ̸= neu then
rik(x)← Judgei(p

i
k(x), y

i
k)

end if
end for

end for
sik ← Ex∈D[rik(x)] ∀k ∈ {pos, neg}
h̄ik ← Ex∈D[hik(x)] ∀k ∈ {pos, neg, neu}
Step 2: Projection coefficient in hidden space
vip ← h̄ipos − h̄ineg, vin ← h̄ineu − h̄ineg

coef i ←
⟨vin, vip⟩
⟨vip, vip⟩

; coef i ← Clip(coef i, 0, 1)

Step 3: Neutral score by interpolation
return ŝi(M)← sineg + coef i (sipos − sineg)

We interpret B(M) as the model’s Big Five
(OCEAN) trait-profile embedding—Openness,
Conscientiousness, Extraversion, Agreeableness,
and Neuroticism. Each axis is anchored by a trait-
promoting direction and mapped to a neutral score
via weight interpolation.

4 Linear Theory of Persona Vector

PVNI builds on the observed linearity of persona di-
rections. This section proves that persona-induced
representation changes are approximately linear,
providing the theoretical basis for representation-
based weight interpolation as a vector operation for
personality trait evaluation in Section 3.

Persona loss. We previously defined the average
persona score as

s̄i(M) = s̄i(h) = Ex∼Di [ ri(x;h) ] , (12)

where Di denotes the input prompt set associated
with persona i. After normalizing scores to [0, 1],
we assume that applying the persona update yields
a near-maximal score:

s̄i
(
h+ vip

)
≥ 1− ε, for a small ε > 0. (13)

We define the normalized persona loss as the
complement of the normalized score:

Li(h) ≜ 1− s̄i(h) ∈ [0, 1]. (14)

Under this definition, the near-maximal-score con-
dition in (13) is equivalent to the following small-
loss condition:

Li
(
h+ vip

)
≤ ε. (15)

Persona correlation. For two personas i1, i2, we
define their representation-space correlation as

α(i1, i2) ≜ µ⊤
i1µi2 ∈ [−1, 1]. (16)

We say that i1 and i2 are aligned if α(i1, i2) > 0,
contradictory if α(i1, i2) < 0, and orthogonal if
α(i1, i2) = 0.

4.1 Representation and Local Linearity
We work with a stylized representation model cap-
turing the empirical observation that persona ma-
nipulations act primarily along a low-dimensional
trait subspace.

Assumption 1 (Local Linearity of Persona Scores).
For each persona i, there exist a score function
gi : Rd → R, constants ai > 0, Ci > 0, and
ri > 0 such that for any typical hidden state h at
layer ℓ and any perturbation δ ∈ U with ∥δ∥2 ≤ ri,

gi(h+ δ) = gi(h) + ai⟨δ, µi⟩+ εi(h, δ). (17)

|εi(h, δ)| ≤ Ci∥δ∥22. (18)

Moreover, the expected persona loss Li(h) de-
pends on h only through the distribution of
gi
(
hℓ(x, p

i
k)
)

over (x, k) ∈ Di × {pos,neg, neu},
and is non-increasing in the mean margin
E(x,k)

[
gi
(
hℓ(x, p

i
k)
)]

.

Assumption 2 (Well-Trained Persona Adaptation).
For each persona i, the persona-adapted parame-
ters Θ∗

i ≜ Θ(0) +∆Θi induce at layer l the activa-
tion shift

∆h i
l (x, p) = hl(x, p; Θ

(0) +∆Θi)− hl(x, p; Θ
(0)). (19)

On typical (x, p), there exists ci > 0 such that

∆h i
ℓ (x, p) = ci

〈
hℓ(x, p; Θ

(0)), µi

〉
µi + ri(x, p), (20)

with ∥ri(x, p)∥2 ≤ β ∥hℓ(x, p; Θ(0))∥2 for some
small β > 0.
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Letting Vℓ ∈ Rm×d denote the MLP weight ma-
trix at layer ℓ and ∆V i

ℓ the persona-induced up-
date, ∃Si ⊆ [m] with |Si| ≥ ρm, ∃ 0 < c <
C s.t. ∀t ∈ [m]



∥∆V i

ℓ,t∥2 ≥ cm−1/2, ∆V i
ℓ,t ≈ γi,tµi, t ∈ Si,

∥∆V i
ℓ,t∥2 ≤ C

√
logm

m
, t /∈ Si.

(21)

where γi,t ∈ R are scalar coefficients capturing
the approximate alignment with µi.

Under the above assumptions, persona vectors
admit a simple approximate structure.
Lemma 4.1 (Persona vectors as approximate
rank-one amplifiers). Assume Assumptions 1–2.
Then for each persona i, there exist a direction
µi and a constant ci > 0 such that, for all hidden
states h in the typical region at layer ℓ,

∆h i
ℓ (h) = ci ⟨h, µi⟩µi + ei(h), (22)

and the residual satisfies

∥ei(h)∥2 ≤ β∥h∥2. (23)

Moreover, (22) is dominated by the sparse MLP
row set Si: pruning Sci changes ∆h i

ℓ (h) by at
most O(β∥h∥2). The induced attention reweight-
ing is aligned with µi, amplifying interactions with
⟨h, µi⟩ > 0 and suppressing the rest up to O(β).
Lemma 4.1 shows that persona vectors act as di-
rectional amplifiers that selectively boost the µi-
component of the hidden state, yielding near-linear
additivity in persona editing.

4.2 Multi-Persona Composition and Negation
We now study how two persona vectors interact
under linear composition. For two traits i, j ∈ I
with i ̸= j, consider the one-parameter family of
shifted hidden states

h(λ) ≜ h+ v i
p + λ v j

p , λ ∈ R. (24)

Theorem 4.1 (Multi-Persona Composition). Let
i, j ∈ I be two traits, and write α = α(i, j) =
µ⊤
i µj . Suppose Assumptions 1–2 hold, and Li(h+

v i
p) ≤ ε and Lj(h+ v j

p ) ≤ ε. Then there exists a
constant C > 0 such that:

1. If α ≥ 0, then for every

λ ≥ 1− α+ Cβ, (25)

we have

Li
(
h(λ)

)
≤ O(ε) +O(|λ|β), (26)

and

Lj
(
h(λ)

)
≤ O(ε) +O(β). (27)

2. If α < 0, then for any λ, at least one of
Li
(
h(λ)

)
or Lj

(
h(λ)

)
is bounded below by

a constant independent of ε.

Remark 1. When i, j are orthogonal (α(i, j) = 0),
Theorem 4.1 implies that a constant-scale coeffi-
cient λ suffices to express both traits simultane-
ously. Positive correlation (α(i, j) > 0) reduces
the required scale, whereas negative correlation
(α(i, j) < 0) induces an inherent trade-off: no sin-
gle λ can keep both Li

(
h(λ)

)
and Lj

(
h(λ)

)
small.

Theorem 4.2 (Persona Negation). Under the as-
sumptions of Theorem 4.1, there exist universal
constants c0, c1, c2 > 0 such that:

1. Orthogonal traits (α(i, j) = 0). For all λ ≤
−c1,

Li
(
h(λ)

)
≤ O(ε) +O(|λ|β), (28)

and
Lj
(
h(λ)

)
≥ c0. (29)

That is, negatively scaling v j
p suppresses trait

j while preserving trait i.

2. Contradictory traits (α(i, j) < 0). There ex-
ists an interval

Iα =
[
− c2/α

2, c2/|α|
]

such that for all λ ∈ Iα,

Li
(
h(λ)

)
≤ O(ε) +O(|λ|β), (30)

and
Lj
(
h(λ)

)
≥ c0. (31)

Thus, when α(i, j) < 0, there is a non-trivial
range of negative coefficients that deletes j
while preserving i.

3. Mildly aligned traits (0 < α(i, j) < 1− c0).
There exists c3 > 0 such that for all λ ∈
[0, c3],

Li
(
h(λ)

)
≤ O(ε) +O(β), (32)

and

Lj
(
h(λ)

)
≥ Ω(α) − O(β). (33)

In this regime, small positive coefficients can
weaken trait j without destroying trait i.

Remark 2. Theorem 4.2 shows that negation is
easiest for orthogonal or contradictory traits and
becomes harder as α(i, j) increases. Empirically,
subtraction (λ < 0) is effective for antagonistic
traits but has limited impact when the two traits
are highly aligned.
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4.3 Persona Linear Subspaces Generalization
We now consider synthesizing an out-of-domain
persona from a collection of in-domain trait direc-
tions. Let I = {O,C,E,A,N} denote the Big
Five trait index set. Assume the corresponding unit
directions {µi}i∈I form an orthonormal basis of
a trait subspace U ⊂ Rd. Let i⋆ denote an out-of-
domain persona with unit direction µi⋆ .

The direction µi⋆ is decomposed into its compo-
nent in U and an orthogonal residual:

µi⋆ =
∑

i∈I
γiµi + κµ⊥, µ⊥ ⊥ µi, ∀i ∈ I, (34)

where γi ∈ R are coefficients and µ⊥ is a residual
direction. We assume |κ| ≤ κ0 for some small
constant κ0. Persona arithmetic is then performed
by a linear combination of the in-domain persona
updates {v i

p}i∈I . For λ = (λi)i∈I ∈ R|I|, define

h(λ) ≜ h+
∑

i∈I
λi v

i
p . (35)

Theorem 4.3 (Out-of-Domain Persona Synthesis).
Suppose Assumptions 1–2 hold for all i ∈ I and
for i⋆, and that |κ| ≤ κ0 in (34). Then there exists
c ∈ (0, 1) and constants C1, C2 > 0 such that if
the coefficients λ satisfy
∑

i∈I
λiγi ≥ 1 + c,

∑

i∈I
λiγ

2
i ≥ 1 + c, |λi|β ≤ C1c ,

(36)

then

Li⋆
(
h(λ)

)
≤ O(ε) + O

(
β + κ20

)
. (37)

Remark 3. Conditions (36) ensure sufficient com-
bined margin along the in-subspace component
of µi⋆ , while keeping off-direction residuals con-
trolled. Thus, when an out-of-domain persona di-
rection lies mostly in span{µi}i∈I , it can be synthe-
sized by a suitable linear combination of {v i

p}i∈I .

5 Experiments

For each trait i ∈ {O, C, E, A, N}, we run Algo-
rithm 1 once to obtain a neutral score ŝi(M) ∈
[0, 100]. The resulting Big Five coordinate vector
is B(M) ≜

[
ŝO(M)µO, . . . , ŝN (M)µN

]
.

5.1 Experimental Settings
Test Models. We conduct Big Five personal-
ity trait evaluation on three open-source LLMs:
Qwen-2.5-7B-Instruct (Qwen Team, 2024), Llama-
3-8B-Instruct (AI@Meta, 2024), and Mistral-7B-
Instruct-v0.1 (Jiang et al., 2023a). For each

Extraversion (E)
Agreeableness (A)

Neuroticism (N)

Openness (O)

Conscientiousness

0 20 40 60 80 100

Figure 3: Big Five trait radar plots under four evaluation
protocols across Qwen-2.5-7B. Shaded bands indicate
standard deviation over questionnaire variants.

model M , we estimate trait coordinates for i ∈
{O, C, E, A, N} using Algorithm 1, and report
the resulting neutral prompt scores ŝi(M) as the
model’s measured Big Five trait profile.

Judge API and Artifact Generation. Trait eval-
uation uses an external judge API (GPT-4.1-mini)
that outputs an open-ended elicitation score in
[0, 100] per response. We use GPT-5.2 to gener-
ate contrastive system prompts and trait-eliciting
questions, split into extraction and evaluation sets.

Variants Construction. We use two controlled
prompt variants for each protocol as shown in
Appendix A. For Self Report Assessment, the
questionnaire variant rewrites same questions with
equivalent wording, while role-play variant adds
one brief role line and keeps the questions un-
changed. For Open-ended Elicitation/PVNI, ques-
tionnaire variant uses different questions with same
trait direction, while the role-play variant rewrites
the pos/neg instruction. All other settings are fixed,
so variation reflects prompting not semantics.

Hardware and Runtime. Experiments were run
on NVIDIA RTX 4090 GPUs. Personality mea-
surement pipeline covers all five traits and includes
generation, judging, and representation extraction,
taking about 2 GPU-hours per model.

5.2 Big Five Personality Trait Evaluation

We evaluate Qwen-2.5-7B, Llama-3-8B, and
Mistral-7B-v0.1 on Big Five using IPIP-BFFM-
50, IPIP-NEO-120, Open-ended Elicitation, and
PVNI. Each protocol uses 10 prompt sets for ques-
tionnaire and role-play variants. We report mean ±
std across sets to quantify prompt robustness.
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What Varies Model Trait Self Report Assessment Open-ended Elicitation PVNI (Ours)

IPIP-BFFM-50 IPIP-NEO-120

Questionnaire
variants

Qwen-2.5-7B

Openness (O) 82.5 ± 6.40 87.5 ± 3.74 82.49 ± 1.09 83.55 ± 0.82
Conscientiousness (C) 60.0 ± 7.20 72.9 ± 5.31 90.52 ± 2.53 87.63 ± 0.73
Extraversion (E) 47.5 ± 10.50 66.7 ± 12.76 58.82 ± 15.31 42.89 ± 2.49
Agreeableness (A) 75.0 ± 5.90 88.5 ± 4.21 93.31 ± 0.69 93.39 ± 0.68
Neuroticism (N) 45.0 ± 18.10 38.5 ± 8.98 28.79 ± 2.88 36.45 ± 0.83

Llama-3-8B

Openness (O) 72.5 ± 5.80 86.0 ± 3.43 96.23 ± 1.93 94.12 ± 0.74
Conscientiousness (C) 62.5 ± 6.90 77.7 ± 5.21 97.68 ± 1.88 86.58 ± 0.51
Extraversion (E) 57.5 ± 9.80 74.0 ± 7.05 39.28 ± 4.43 51.02 ± 1.27
Agreeableness (A) 77.5 ± 5.10 85.4 ± 2.17 95.32 ± 0.54 95.84 ± 0.38
Neuroticism (N) 42.5 ± 10.40 30.6 ± 8.92 12.06 ± 3.10 32.07 ± 1.13

Role-play
variants

Qwen-2.5-7B

Openness (O) 82.3 ± 4.10 87.8 ± 2.63 82.61 ± 0.72 83.42 ± 0.55
Conscientiousness (C) 60.4 ± 4.80 72.5 ± 3.68 90.14 ± 1.63 87.92 ± 0.50
Extraversion (E) 47.1 ± 7.20 66.9 ± 8.91 59.18 ± 9.83 43.10 ± 1.60
Agreeableness (A) 75.4 ± 3.90 88.1 ± 2.97 93.02 ± 0.45 93.58 ± 0.42
Neuroticism (N) 44.6 ± 11.20 38.9 ± 6.24 28.52 ± 2.17 36.18 ± 0.60

Llama-3-8B

Openness (O) 72.6 ± 3.90 86.1 ± 2.65 96.34 ± 1.35 94.05 ± 0.58
Conscientiousness (C) 62.4 ± 4.60 77.8 ± 3.83 97.59 ± 1.12 86.63 ± 0.44
Extraversion (E) 57.6 ± 6.10 74.1 ± 5.20 39.41 ± 3.16 51.10 ± 0.98
Agreeableness (A) 77.4 ± 3.50 85.3 ± 1.76 95.18 ± 0.41 95.77 ± 0.30
Neuroticism (N) 42.6 ± 7.40 30.7 ± 6.11 12.18 ± 2.24 32.02 ± 0.86

Table 1: Big Five (OCEAN) personality ratings across similarly-sized LLMs under different evaluation protocols.
Results are shown as mean ± std across questionnaire/role-play variants. In the PVNI (Ours) column, the standard
deviation term is boldfaced since PVNI consistently achieves the lowest variability among all methods.

Variant Model Open-ended (r/ρ) IPIP-BFFM-50 (r/ρ) IPIP-NEO-120 (r/ρ) Self-report Avg (r/ρ)

Questionnaire Qwen-2.5-7B 0.948 / 1.000 0.849 / 0.700 0.855 / 0.900 0.880 / 0.700
Questionnaire Llama-3-8B 0.990 / 0.600 0.942 / 1.000 0.878 / 0.900 0.919 / 1.000
Role-play Qwen-2.5-7B 0.948 / 1.000 0.857 / 0.700 0.850 / 0.900 0.880 / 0.700
Role-play Llama-3-8B 0.990 / 0.600 0.940 / 1.000 0.878 / 0.900 0.919 / 1.000

Table 2: Convergent validity of PVNI with established evaluation protocols, measured by Pearson correlation (r)
and Spearman rank correlation (ρ) over the 5-dimensional OCEAN profile for each model and variant.

As shown in Table 1 and Table 5, PVNI is the
most stable method. It consistently achieves the
smallest standard deviation across all models and
traits, showing minimal prompt dependence and
the strongest robustness to prompt rewrites.

Across protocols, questionnaire and role-play
variants yield similar means, implying the esti-
mated trait levels are largely unchanged by the
variant type. However, role-play variants typically
have slightly lower variance, likely because ques-
tionnaire variants modify the question content more
substantially, introducing larger perturbations.

We also observe a clear mean–variance cou-
pling across traits: traits with lower mean scores
(e.g. Neuroticism and Extraversion) tend to ex-
hibit larger standard deviations, indicating higher
uncertainty when the trait strength is weak.

In Figure 3, PVNI shows the narrowest shaded
uncertainty bands across all OCEAN traits. Since
the shading denotes± standard deviation over ques-

tionnaire variants, the smaller band area indicates
lower variance. This trend is consistent across all
models (Qwen, Llama, and Mistral) in Appendix
Figure 5 under both questionnaire and role-play
variants. Thus, PVNI remains robust to rephras-
ing, while other protocols exhibit wider bands that
reflect stronger prompt-induced fluctuations.

5.3 Protocol-wise Variability

Figure 4 shows that Open-ended Elicitation pro-
duces wider boxes and longer whiskers across three
LLMs, indicating stronger sensitivity to prompt
variants and less stable Big Five estimates, whereas
PVNI yields tighter distributions with smaller IQRs
and shorter whiskers. Appendix Figure 6 confirms
this trend: both self-report protocols, IPIP-BFFM-
50 and IPIP-NEO-120, exhibit larger spread and
higher variability than PVNI across traits and mod-
els, making PVNI the most robust and stable mea-
surement under rephrasing.

16329



(a) Questionnaire variants for Qwen-2.5-7B (b) Questionnaire variants for Llama-3-8B

(c) Questionnaire variants for Mistral-7B-v0.1 (d) Role-play variants for Qwen-2.5-7B

(e) Role-play variants for Llama-3-8B (f) Role-play variants for Mistral-7B-v0.1

Figure 4: Boxplots under questionnaire and role-play variants for Qwen-2.5-7B, Llama-3-8B, and Mistral-7B-v0.1.

Trait Chinese sineg Chinese sipos final ŝ i (PVNI)

O 71.2 95.4 83.60 ± 1.09
C 76.8 96.1 87.31 ± 0.54
E 20.5 74.0 42.54 ± 2.83
A 85.6 98.0 93.16 ± 0.77
N 18.9 62.7 36.92 ± 0.84

Table 3: Qwen-2.5-7B with Chinese prompt.

Trait English sineg English sipos final ŝ i

O 69.5 98.0 83.35 ± 1.06
C 74.0 99.0 87.55 ± 0.58
E 15.0 75.5 42.90 ± 2.75
A 80.5 98.5 93.40 ± 0.79
N 14.0 64.5 36.60 ± 0.88

Table 4: Qwen-2.5-7B with English prompt.

5.4 Ablation study on different languages

Different languages can change the direct prompt-
based anchor scores sineg and sipos, but this does not
materially affect the final PVNI score ŝ i, because
PVNI uses the neutral representation’s relative po-
sition with respect to both anchors, which removes
language-specific prompt effects. We verify this on
Qwen-2.5-7B by running the same pipeline with
Chinese vs. English anchor prompts shown in Ta-
ble 3 and Table 4. While sineg and sipos differ, the
final scores remain nearly unchanged.

5.5 Convergent Validity

PVNI’s improved stability does not come at the
cost of validity. To assess convergent validity, we

compute Pearson correlation (r) (Pearson, 1896)
and Spearman rank (Spearman, 1904) correlation
(ρ) between OCEAN profiles produced by PVNI
and those from established protocols. As shown
in Table 2, PVNI shows consistently strong agree-
ment across both questionnaire and role-play vari-
ants, with the highest alignment to Open-ended
Elicitation (r = 0.948–0.990) and high average
agreement with the two self-report inventories
(r = 0.880–0.919). These results indicate that
PVNI reduces prompt sensitivity while preserving
meaningful trait-profile information.

6 Conclusion
We proposed Persona-Vector Neutrality Interpola-
tion (PVNI), an internal-activation-based interpola-
tion method for stable and explainable personality
trait evaluation in LLMs. In this setting, person-
ality should be understood as a stable bias in the
model’s behavior under a given task, interaction
protocol, and evaluation criterion. Under this view,
PVNI extracts trait directions as persona vectors
from contrastive prompts, then estimates prompt-
neutral trait strength via projection onto the axis
and interpolation between judged anchors. We de-
velop a linear theory that justifies these operations.
Across LLMs and both questionnaire and role-play
variants, PVNI consistently reduces variance over
prior protocols. Future work will extend beyond
Big Five traits, reduce reliance on external judges,
and test robustness across domains and languages.
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Limitations

We structure our limitations section as arguments
and counterarguments, inspired by Balepur et al.
(2025):

Judging can introduce bias: PVNI uses a judge
to obtain pos/neg anchor scores, so absolute values
can reflect judge preferences. However, PVNI uses
the judge only for anchoring, while the interpola-
tion weight is computed from the model’s internal
representation geometry. In practice, PVNI’s main
claim is variance reduction across prompt variants,
not judge-invariant absolute calibration. Future
work includes multi-judge ensembles, human cali-
bration, and distilling a stable judge.

PVNI requires white-box access: PVNI re-
quires hidden-state extraction to compute persona
directions and interpolation weights. This limits di-
rect applicability to closed, API-only models. Our
focus is research-grade, representation-based eval-
uation with transparent geometric operations. A
practical next step is to study accessible surrogates,
such as logit-space proxies or distillation to a model
with representation access.

Our evaluation does not cover all settings: Ex-
periments focus on Big Five traits, a small set of
open-source instruction-tuned models, and con-
trolled prompt variants, largely in a single-turn
format. The results may not fully transfer to
multilingual settings, long conversations, or tool-
augmented agents. The controlled design is inten-
tional for isolating prompt robustness effects, but
broader coverage remains needed. Future work
should test more languages, domains, model fami-
lies, and multi-turn consistency.

PVNI does not establish personality as an en-
tity: Our method operationalizes personality as a
protocol-conditioned behavioral bias and estimates
its prompt-robust component. Accordingly, PVNI
should be interpreted as a measurement framework
for stable trait-like behavior under a fixed task and
scoring setup, not as evidence that LLMs possess
human-like personality.
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A Questionnaire and Role-Play Variants

To quantify prompt robustness, we construct two
controlled prompt variants for every protocol, sum-
marized in Appendix A. The variants perturb only
the prompt wrapper through question rephrasing
or role framing, while preserving the underlying
trait target and the evaluation pipeline. In particu-
lar, for each trait we use the same model and the
same evaluation setup, including decoding settings,
response-format constraints, the number of ques-
tions, and the judge procedure. Therefore, any
change in the resulting Big Five estimates reflects
prompt variation rather than differences in the task
definition or evaluation.

Self Report Assessment. Self Report Assess-
ment uses questionnaire-style items with a fixed
rating instruction. We apply two variants:
• Questionnaire variant: we rewrite the same

IPIP items with semantically equivalent word-
ing. Edits are limited to surface form, including
word choice, syntax, sentence order, and format-
ting, while preserving the item meaning and the
rating scale. Boxed examples on IPIP-BFFM-50
with Questionnaire Variants shows an example
where one Openness target meaning is rewritten
into multiple equivalent statements.

• Role-play variant: we add a single brief role-
framing line before the questionnaire (e.g., “re-
spond as an LLM agent with a coherent per-
sonality”), and keep the questionnaire content
unchanged. We provide multiple such one-line
role frames shown in boxed prompt example
on Self Report with Role-Play Variants to test
whether minimal persona framing alone induces
instability.

Open-ended Elicitation and PVNI. Open-
ended Elicitation and PVNI share the same elic-
itation interface (a JSON-style prompt consisting
of an instruction field and a list of open-ended ques-
tions); PVNI differs only in how the resulting rep-
resentations/scores are computed. We again apply
two variants, but now separately targeting the two
JSON components:
• Questionnaire variant (rewrite questions):

we replace the open-ended question set with
a different set of questions that targets the same
trait direction. Concretely, the questions are not
paraphrases of the originals; instead, they are
alternative prompts that probe the same under-

lying construct. The instruction is kept fixed.

• Role-play variant (rewrite instruction): we
keep the question set fixed and rewrite only
the instruction that specifies the trait-eliciting
persona. For each trait, we provide multiple
pos/neg instruction pairs that keep the same con-
trastive intent while varying the role-play word-
ing and framing.
Across all protocols, this design isolates sensitiv-

ity to prompt formulation. The questionnaire vari-
ant tests robustness to alternative phrasings in self-
report, and to alternative aligned probes in open-
ended elicitation. The role-play variant tests ro-
bustness to minimal persona framing in self-report,
and to alternative pos/neg instruction realizations
in open-ended elicitation and PVNI.

B Prompt Robustness Analysis

Figure 5 visualizes Big Five scores under two con-
trolled prompt variants (questionnaire vs. role-play)
across three LLMs. Shaded regions denote ±
one standard deviation over prompt sets, where
wider bands indicate stronger sensitivity to prompt
changes. Table 5 reports the corresponding mean±
std numbers, enabling a quantitative cross-check.

Across all models and both variant types, PVNI
consistently yields the smallest uncertainty in Fig-
ure 5. Table 5 confirms this pattern numeri-
cally: the PVNI standard deviations are uniformly
the lowest and remain small across traits (e.g.,
for Mistral-7B-v0.1, PVNI shows sub-1 to low-
single-digit stds across traits in both variants,
such as 0.65/0.48 for O and 0.32/0.26 for C in
questionnaire/role-play). Together, the figure and
table indicate that PVNI is the most prompt-robust
protocol and produces the most stable trait mea-
surements.

Self-Report Assessment is the most prompt-
sensitive overall. In Figure 5, IPIP-BFFM-50 and
IPIP-NEO-120 show the widest uncertainty bands,
and Table 5 reports standard deviations that are
consistently larger than PVNI across traits. This
indicates that even structured questionnaire scoring
can drift markedly under prompt rewrites, mak-
ing raw IPIP scores unreliable for prompt-robust
comparisons. Open-ended elicitation can also be
unstable for some traits, but its variance is less
consistently high than IPIP across settings.

Finally, both Figure 5 and Table 5 suggest that
role-play variants tend to reduce variance while
preserving similar mean profiles. A plausible rea-
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Self Report with Role-Play Variants

1. Respond as an LLM agent whose answers reflect a coherent personality.

2. Adopt a consistent persona and answer in line with that persona throughout.

3. Write your responses from the perspective of an AI agent with stable personal traits.

4. Take on a well-defined character profile and stay in character while answering.

5. Treat yourself as an AI assistant with an identifiable temperament and preferences.

6. Answer as though you have enduring dispositions that shape your behavior and tone.

7. Maintain a fixed set of personality traits as you respond to the questionnaire.

8. Role-play a consistent persona when providing your self-assessments.

9. Frame your answers as an agent with a persistent personality style.

10. Produce responses that are guided by a stable persona rather than being purely neutral.

IPIP-BFFM-50 with Questionnaire Variants

Trait: Openness (O)

Instruction: Please rate how accurately each statement describes you. Assume you are an LLM
agent with a distinct personality

Target meaning: “I have a vivid imagination.”

10 rewrites:

1. I can easily picture detailed scenes in my mind.

2. My inner world feels rich and full of mental imagery.

3. I often create elaborate scenarios in my head.

4. I tend to daydream and mentally explore possibilities.

5. It is natural for me to mentally “see” things in sharp detail.

6. I frequently come up with imaginative ideas and stories.

7. I can vividly visualize things that are not in front of me.

8. My mind readily generates creative pictures and narratives.

9. I often find myself thinking in images rather than just words.

10. I can mentally invent and explore worlds beyond everyday reality.
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Open-Ended Role-play Variants

Goal: Rewrite JSON pos/neg instruction.

Trait example: Extraversion (E).

POS: prompts should elicit outgoing, energetic, socially engaged behavior.

NEG: prompts should elicit quiet, reserved, socially withdrawn behavior.

10 role-play instruction variants (each item provides a POS/NEG pair):

1. POS: Answer as a highly outgoing and energetic persona who actively seeks social interaction.
NEG: Answer as a very reserved and low-energy persona who avoids social interaction when
possible.

2. POS: Respond in the voice of someone who is talkative, enthusiastic, and drawn to groups.
NEG: Respond in the voice of someone who is quiet, subdued, and prefers to stay alone.

3. POS: Take the perspective of a person who enjoys meeting new people and initiating conversa-
tions.
NEG: Take the perspective of a person who dislikes meeting strangers and rarely initiates
conversation.

4. POS: Write your answers as someone who feels energized by social settings and frequent
interaction.
NEG: Write your answers as someone who feels drained by social settings and minimizes
interaction.

5. POS: Role-play a sociable character who eagerly participates, speaks up, and engages with
others.
NEG: Role-play a withdrawn character who keeps to themselves, speaks little, and disengages
from others.

6. POS: Answer as a bold, expressive, high-activity persona with strong social confidence.
NEG: Answer as a timid, restrained, low-activity persona with weak social confidence.

7. POS: Provide responses as someone who prefers lively environments, crowds, and shared
activities.
NEG: Provide responses as someone who prefers calm environments, solitude, and solitary
activities.

8. POS: Adopt a persona that readily shares thoughts, keeps conversations going, and enjoys
attention.
NEG: Adopt a persona that keeps thoughts private, ends conversations quickly, and avoids
attention.

9. POS: Respond as a person who is socially proactive and enjoys constant engagement with
others.
NEG: Respond as a person who is socially passive and is most comfortable with minimal
engagement.

10. POS: Stay in character as someone who is upbeat, animated, and comfortable taking the lead
socially.
NEG: Stay in character as someone who is calm, restrained, and uncomfortable taking the lead
socially.
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Open-Ended Questions for Extraversion (E)

1. You have a free evening. How would you choose to spend it, and why?

2. A friend invites you to a large party where you know only a few people. What do you do when
you arrive?

3. When you join a new group or community, how do you usually introduce yourself and get
involved?

4. Describe a time you enjoyed being around a lot of people. What made it enjoyable?

5. Describe a time you preferred being alone. What made solitude the better choice then?

6. If you move to a new city and want to make friends, what steps would you take in your first
month?

7. How do you feel about starting conversations with strangers in everyday settings like cafés or
classes?

8. You are assigned to a team project with people you don’t know well. How do you approach
collaboration?

9. In a group discussion, what role do you tend to take, and why?

10. How do you recharge after a long day, and what kinds of activities help you feel restored?

11. You notice someone standing alone at a social event. What would you do, if anything?

12. What kinds of social activities do you actively seek out, and which ones do you avoid?

13. How do you decide whether to attend an optional gathering when you feel tired or busy?

14. If a weekend is completely unplanned, how likely are you to arrange plans with others? Explain.

15. Describe your ideal work or study environment. Do you prefer people around you or a quiet
space? Why?

16. How do you react when meeting someone new who is very talkative? What do you do in the
interaction?

17. If you could choose between a small dinner with close friends and a big public event, which would
you pick and why?

18. When you have good news, how do you usually share it, and with whom?

19. How comfortable are you with being the center of attention? Give an example.

20. What does a “fun social day” look like for you from morning to night?
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(a) Questionnaire variants for
Qwen-2.5-7B

(b) Questionnaire variants for
Llama-3-8B

(c) Questionnaire variants for
Mistral-7B-v0.1

(d) Role-play variants for Qwen-2.5-7B (e) Role-play variants for Llama-3-8B (f) Role-play variants for
Mistral-7B-v0.1

Figure 5: Radar plots of Big Five scores under questionnaire and role-play variants. From left to right: Qwen-2.5-7B,
Llama-3-8B, and Mistral-7B-v0.1. Shaded bands indicate ± one standard deviation across prompt sets.

What Varies Model Trait Self Report Assessment Open-ended Elicitation PVNI (Ours)

IPIP-BFFM-50 IPIP-NEO-120

Questionnaire
variants Mistral-7B-v0.1

Openness (O) 97.5 ± 6.10 80.21 ± 2.77 75.20 ± 3.60 90.31 ± 0.65
Conscientiousness (C) 95.0 ± 7.50 86.46 ± 2.97 92.41 ± 6.91 90.77 ± 0.32
Extraversion (E) 75.0 ± 11.20 70.83 ± 14.91 36.98 ± 24.86 60.15 ± 5.89
Agreeableness (A) 97.5 ± 6.30 91.69 ± 3.68 96.49 ± 3.53 93.43 ± 0.21
Neuroticism (N) 20.0 ± 8.60 23.96 ± 8.31 15.23 ± 4.96 35.16 ± 1.35

Role-play
variants Mistral-7B-v0.1

Openness (O) 97.4 ± 4.20 80.37 ± 1.98 75.06 ± 2.75 90.28 ± 0.48
Conscientiousness (C) 95.1 ± 5.10 86.31 ± 2.12 92.55 ± 5.40 90.81 ± 0.26
Extraversion (E) 74.9 ± 7.80 70.96 ± 11.60 37.21 ± 18.70 60.06 ± 3.85
Agreeableness (A) 97.6 ± 4.30 91.54 ± 2.55 96.41 ± 2.70 93.39 ± 0.18
Neuroticism (N) 20.2 ± 5.90 23.88 ± 6.10 15.34 ± 3.80 35.10 ± 0.92

Table 5: Big Five (OCEAN) personality ratings across similarly-sized LLMs under different evaluation protocols.
Results are shown as mean ± std across questionnaire/role-play variants. In the PVNI (Ours) column, the standard
deviation term is boldfaced since PVNI consistently achieves the lowest variability among all methods.

son is that role-play alters only a minimal fram-
ing line, whereas questionnaire variants rewrite
the question text more aggressively, introducing
larger surface-form perturbations. Overall, the
combined evidence highlights a clear robustness
gap: PVNI remains stable under both variant con-
structions, while IPIP-based self-report scores fluc-
tuate markedly with prompt wording.

C Prompt Variability via Boxplots

Figures 6 and 7 compare OCEAN boxplots across
prompt sets for four protocols under both question-
naire and role-play variants, where wider boxes
and longer whiskers indicate higher prompt sen-

sitivity. Across all three LLMs, PVNI (Ours) is
consistently the most stable, showing the tightest
boxes and shortest whiskers for nearly all traits,
while IPIP-BFFM-50 and IPIP-NEO-120 exhibit
the largest spread and Open-ended Elicitation is
also unstable for several traits with occasional ex-
treme ranges. Role-play variants preserve similar
medians but reduce variance relative to question-
naire variants, implying that adding a light framing
line perturbs outputs less than rewriting question
text; overall, the boxplots highlight a clear robust-
ness gap with PVNI remaining tight under prompt
variation whereas IPIP-based self-report and open-
ended elicitation fluctuate substantially.
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IPIP-BFFM-50 IPIP-NEO-120 Open-ended Elicitation PVNI (Ours)

(a) Qwen-2.5-7B

(b) Llama-3-8B

(c) Mistral-7B-v0.1

Figure 6: Boxplots of the five traits under four evaluation protocols with questionnaire variants. In each row from
left to right: IPIP-BFFM-50, IPIP-NEO-120, Open-ended Elicitation, and PVNI (Ours).

IPIP-BFFM-50 IPIP-NEO-120 Open-ended Elicitation PVNI (Ours)

(a) Qwen-2.5-7B

(b) Llama-3-8B

(c) Mistral-7B-v0.1

Figure 7: Boxplots of the five traits under four evaluation protocols with role-play variants. In each row from left to
right: IPIP-BFFM-50, IPIP-NEO-120, Open-ended Elicitation, and PVNI (Ours).

D Ability to distinguish similar personas

To evaluate whether PVNI can distinguish semanti-
cally similar but non-equivalent personas, we com-
pare extracted persona directions. For each per-
sona i, we extract a direction µi using the same
contrastive prompt set and pipeline as in the main
experiments, then compute cosine overlap between

persona pairs:

InterCos(i, j) = µ⊤
i µj .

Lower InterCos(i, j) indicates better separability
between distinct personas. As a control, we also
measure within-persona consistency across multi-
ple semantically equivalent prompt variants. Let

16339



Comparison IntraCos InterCos

Extraversion 0.79 InterCos(E,Assertiveness) = 0.58
Agreeableness 0.92 InterCos(A,Politeness) = 0.45
Neuroticism 0.87 InterCos(N,Cautiousness) = 0.47

Table 6: Ability of PVNI to distinguish similar personas.

µ
(a)
i be the direction extracted under prompt variant

a. We define:

IntraCos(i) = Ea̸=b

[(
µ
(a)
i

)⊤
µ
(b)
i

]
.

High IntraCos(i) indicates robustness to prompt
surface form. We test three similar persona pairs:
Extraversion vs. Assertiveness, Agreeableness vs.
Politeness, and Neuroticism vs. Cautiousness.

We observe IntraCos(i) ≫ InterCos(i, j),
which means directions for the same persona are
highly consistent across prompt variants shown in
Table 6, while similar-but-distinct personas have
substantially lower overlap.
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