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Abstract

Large language models (LLMs) are increas-
ingly used in long-running user-facing appli-
cations where responses may need to main-
tain a consistent interaction style. Prompting
is easy to reuse but often weak, while fine-
tuning and representation interventions can be
stronger but are typically model-specific. We
present PeLLA, Prompt-Enhanced Logit Adap-
tation, a parameter-efficient framework for Big
Five personality-trait steering. PeLA keeps the
base LLM frozen, uses a personality prompt
to specify the desired trait direction, and ap-
plies a learned logit adapter during decoding.
The adapter contributes a base-relative resid-
ual controlled by a token-position gate, refin-
ing the prompt-conditioned distribution only
when intervention is useful. Because the con-
trol module operates in output-token space, it
can be reused across models with identical to-
kenizer vocabularies and token-id order. On
open-ended PersonalityBench questions, PeLA
improves macro-average target-direction scores
over a strong Personality Prompt baseline on
Qwen3-8B and Qwen2.5-7B, while cross-size
experiments demonstrate tokenizer-compatible
transfer within both the Qwen3 and Llama-3.2
families after validation-based scale calibration.
PeL A narrows the gap to model-specific steer-
ing while preserving a frozen base model.

1 Introduction

Large language models (LLMs), which generate
text by repeatedly predicting the next token, are
now used in long-running and user-facing applica-
tions such as role-playing agents (Park et al., 2023;
Chen et al., 2024), educational assistants (Dong
et al., 2024; Shi et al., 2025), game characters (Gal-
lotta et al., 2024), and support-oriented dialogue
systems (Na et al., 2025). In such settings, users
may care not only about factual accuracy and flu-
ency, but also about whether the system maintains
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Figure 1: Trade-off between steering effectiveness
and transferability. Prompting is easy to reuse but
often weak. Fine-tuning can be strong but model-
specific. PeL A targets the middle ground by adding
a parameter-efficient logit-level control module to a
prompted, frozen LLM.

an appropriate interaction style. For example, an
assistant used for emotional support may be ex-
pected to remain patient, cautious, and empathetic
across turns. We refer to the task of pushing a
model’s responses toward a desired behavioral style
as personality-trait steering. In this work, a person-
ality trait is a target dimension from the Big Five
model, such as Extraversion or Agreeableness, and
a trait direction is one pole of that dimension, such
as high Extraversion or low Neuroticism.

A practical difficulty is that new LLMs appear
frequently. Prompting is portable but often weak;
fine-tuning, model editing, and activation interven-
tions can be stronger but usually require model-
specific weights, layers, or calibration, as illus-
trated in Figure 1. We target a middle ground:
reusable decoding-time control for models that ex-
pose next-token logits and share an exact output-
token space.

We address this problem with PeLLA, Prompt-
Enhanced Logit Adaptation. PeLLA uses a personal-
ity prompt for semantic guidance and a small logit
adapter that changes next-token scores during de-
coding while keeping the base LLM frozen. To
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avoid overwriting the base distribution, the adapter
adds a base-relative residual and uses a token-
position gate to modulate intervention strength.
This makes PeLLA a prompt-enhancement method
rather than a replacement for prompting.

Operating at the logit level enables a limited but
useful form of transfer. In tokenizer-compatible
settings, source and target models share the same
token IDs, vocabulary order, and logit interface, so
adapter weights can be reused without target-model
fine-tuning. We test this same-family cross-size
setting within Qwen3 and do not claim arbitrary
transfer across unrelated tokenizers.

We evaluate PeLLA on open-ended Personality-
Bench questions, comparing prompt-only meth-
ods, a model-specific neuron intervention baseline,
and supervised fine-tuning in both in-model and
tokenizer-compatible cross-size settings. Our con-
tributions are: (1) a formulation of personality-trait
steering as prompt-enhanced logit adaptation over a
frozen LLM; (2) a base-relative, gated logit adapter
designed to refine rather than replace the prompted
distribution; and (3) open-ended Big Five exper-
iments showing when same-family logit-adapter
transfer helps and where it remains limited.

2 Related Work

2.1 Personality in Large Language Models

Personality theories. Personality psychology
provides frameworks for describing stable individ-
ual differences in behavior, cognition, and affect.
We focus on the Big Five, also known as the Five-
Factor Model (Costa and McCrae, 1992; Gold-
berg, 1992), which represents personality along
five broad dimensions: Openness, Conscientious-
ness, Extraversion, Agreeableness, and Neuroti-
cism. Other personality frameworks, such as the
Myers-Briggs Type Indicator (Myers, 1962) and
the Dark Triad (Paulhus and Williams, 2002), have
also been studied.

LLM personality assessment. LLM psychomet-
rics studies whether psychological instruments can
measure personality-like behavioral patterns in
LLM outputs (Ye et al., 2025). Prior work adapts
Big-Five inventories to LLMs through MPI (Jiang
et al., 2023), examines Big-Five-like response pat-
terns across prompts and contexts (Serapio-Garcia
et al., 2023; Karra et al., 2022; Caron and Srivas-
tava, 2022), and improves reliability and validity
through benchmarks such as TRAIT (Lee et al.,

2025). LLMs have also been used to infer hu-
man personality from text or semantic represen-
tations (Ji et al., 2023; Cao and Kosinski, 2024;
Peters et al., 2024). We measure observable trait
expression under a fixed setting, rather than claim-
ing stable psychological personality.

Personality-trait Steering. A direct way to steer
LLM personality traits is prompting. Personality
Prompting (P?) (Jiang et al., 2023) uses natural-
language trait descriptions, Big5-Scaler (Cho and
Cheong, 2025) encodes numeric Big-Five values
into prompts, and P4 (Zhang et al., 2024) learns
optimized discrete prompt suffixes for personal-
ization. These methods are reusable, but remain
limited by prompt following and prompt design.

Stronger control can be obtained through train-
ing, adapters, or weight-space modification. BIG5-
CHAT (Li et al., 2025b) shapes personalities with
human-grounded data; Dynamic Personality Gen-
eration (Liu et al., 2024), PsychAdapter (Vu et al.,
2026), and P-Tailor (Dan et al., 2024) use train-
ing or adapter-based mechanisms; and Personal-
ityEdit (Mao et al., 2024) and Personality Vec-
tor (Sun et al., 2025) edit or merge model param-
eters to obtain controllable personality directions.
These methods can induce strong trait shifts, but
typically require model-specific training, weight
access, or parameter merging.

Activation- and representation-space methods
instead steer behavior through internal states.
PAS (Zhu et al., 2025), NPTI (Deng et al.,
2025), and ControlLM (Weng et al., 2024) iden-
tify personality-related activations, neurons, or dif-
ferential activation patterns, while more general
methods such as representation engineering (Zou
et al., 2023), contrastive activation addition (Rim-
sky et al., 2024), personalized steering vectors (Cao
et al.,, 2024), and persona vectors (Chen et al.,
2025) modify hidden states or learned activation
directions. Although effective, these methods re-
quire internal-layer access and often need layer- or
model-specific calibration.

Finally, lexical and probability-based methods
steer personality during decoding. UPLex (Li et al.,
2025a) uses an unsupervised personality lexicon to
adjust upcoming-token probabilities. PeLLA instead
learns a gated, trait-conditioned residual over the
next-token distribution, operating at the logit inter-
face without hidden-state intervention and limiting
transfer to tokenizer-compatible models.
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2.2 Decoding-Time Controllable Generation

Decoding-time controllable generation steers a
frozen or mostly frozen generator during infer-
ence. Early methods rely on auxiliary controllers,
including attribute classifiers in PPLM (Dathathri
et al., 2019), class-conditional language models
in GeDi (Krause et al., 2021), expert and anti-
expert language models in DExperts (Liu et al.,
2021), future discriminators in FUDGE (Yang and
Klein, 2021), and unidirectional reward models
in RAD (Deng and Raffel, 2023). Although these
methods avoid full fine-tuning of the base generator,
their control signals typically depend on additional
attribute-specific models.

Recent methods move closer to the logit-level
interface used by PeLA. PREADD (Pei et al., 2023)
and classifier-free guidance for language mod-
els (Sanchez et al., 2024) use prompt-contrastive or
conditional-unconditional logit differences, while
language model arithmetic (Dekoninck et al., 2024)
formulates control as arithmetic composition over
model distributions. LM-Steer (Han et al., 2024)
learns compact steering transformations that can be
scaled, composed, and transferred, and logit-only
adaptation methods show that token-logit reweight-
ing can adapt closed or black-box models given
output logits (Hiranandani et al., 2025; An et al.,
2026). PeLLA belongs to this logit-level family, but
is specialized for Big-Five personality-trait steer-
ing by learning a trait-conditioned adapter residual
with token-position gating, and it only claims cross-
model reuse under tokenizer compatibility.

3 Methodology

3.1 Problem Formulation

Let M be a logits-accessible autoregressive LLM
with vocabulary V. Given a question ¢, a Big Five
personality dimension p, and a target direction d €
{High, Low}, our goal is to construct a controlled
generator M;: 4+ The generator should produce a
response that reflects the target trait direction while
preserving the general language ability of M.

The dimension p is one of Openness, Consci-
entiousness, Extraversion, Agreeableness, or Neu-
roticism. The direction d chooses one pole of that
dimension. For example, high Extraversion corre-
sponds to outgoing behavior, while low Extraver-
sion corresponds to more reserved behavior.

We learn a trait-direction-specific control mod-

ule C), 4 from supervision D), 4:
Cp.a = F(M, Dya). (1)

The learned module is composed with the frozen
LLM at inference time:

;7(1 =M @logit Cp,d' (2)

The operator @),gi; denotes next-token logit-level
control without modifying the parameters of M.

3.2 PeLA Framework

PeLLA combines two control signals. The first is
an explicit personality prompt, which describes the
intended trait direction in natural language. The
second is a small trainable logit adapter that re-
fines the prompt-conditioned next-token distribu-
tion. The adapter is not used as a standalone per-
sonality model. It learns a trait-direction-specific
residual from personality-aligned supervision and
is combined with personality prompting at infer-
ence time. Figure 2 provides an overview of the
training, inference, and tokenizer-compatible trans-
fer procedures of PeLA.

3.3 Data Construction

We construct trait-aligned question-answer super-
vision from open-ended questions in Personality-
Bench (Deng et al., 2025). For each Big Five di-
mension p, we create supervision for both high-trait
and low-trait directions. We use a set of gener-
ated personality descriptions S, 4 to build teacher
prompts (Jiang et al., 2023). Given a question g;
and a sampled description s; ~ S, 4, the teacher
model generates a candidate response:

ﬁf’d ~ T'(- | Template(s;, ¢;)). )

The personality description is used to construct
teacher supervision but not included in the adapter
training input. We use an external judge model to
filter inconsistent responses. The final dataset is

Dpa = {(a, ")}, (4)

where y; 4 is a retained response. During adapter
training, the question tokens provide context, and
the loss is computed only on answer tokens.

Data construction and split. For each Big-
Five trait, PersonalityBench provides 9,000 data-
construction questions. We generated one response
for each high/low direction, yielding 9,000 can-
didates per direction. The number of candidates
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Figure 2: Overview of PeLA. A personality prompt specifies the desired Big Five trait direction. A parameter-
efficient logit adapter then adds a gated, base-relative residual to the frozen base model’s next-token logits during
decoding. During training, « is fixed to 1; during inference and transfer, « is selected on validation data.

retained after judge filtering is shown in Appendix
Table 9. After filtering, we sampled 4,000 exam-
ples per direction and split them into 3,600 train-
ing and 400 validation examples. Testing uses the
official held-out split with 90 disjoint questions
per trait, ensuring question-level separation and
preventing data leakage. Detailed settings are in
Appendix A.

3.4 Token-Position-Gated Personality Logit
Adapter

For each trait direction (p, d), we train a parameter-
efficient control module

Cp.a = (A9, -G, ), (5)

where Ay , is the adapter language model and
G, 4 is the token-position gate. The adapter shares
the tokenizer and output vocabulary with the base
model, but uses a much smaller decoder architec-
ture. The base model remains frozen.

At decoding step ¢, the frozen base model pro-
duces next-token logits

M= M(xy), M e RV, (6)

The adapter receives the same prefix as the base
model at the corresponding training or inference
stage and produces its own logits and hidden state:

(2, hi) = Ag, (x<r), 2 e RV (@)

During training, this shared prefix consists of the
question and preceding answer tokens, whereas

during inference it includes the personality-
conditioned prompt and previously generated to-
kens, as detailed in Sections 3.5 and 3.6.

A fixed correction at every decoding step can
over-control the response. We therefore compute a
scalar gate for each generated position:

g = U(W2 GELU(Wih2 + by) + b2>,
gt € (0, 1).

®)

Here, GELU denotes the Gaussian Error Linear
Unit activation function, and g; controls the adapter
strength at position ¢. We initialize the final gate
bias as by = logit(go) with gy = 0.2, so training
starts near the frozen base model.

To avoid using the adapter as a replacement lan-
guage model, we define a base-relative residual:

Ay =z — M. ©)
The controlled logits are

=z tag (10)
where « is the adapter scale. It calibrates the resid-
ual contribution relative to the base logits and is set
to 1 during training.

3.5 Training Objective

Only the adapter parameters 0, ; and gate param-
eters ¢, 4 are optimized. For each example, we
concatenate the question and answer into a causal
language-modeling sequence, without including an
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explicit personality prompt. Thus, during training,
both the frozen base model and the adapter receive
the same prefix consisting of the question and pre-
ceding answer tokens. Question and padding to-
kens are masked, so the loss is computed only on
answer-token positions.

Let A; be the set of answer-token positions for
example 7, and let A = | J, A;. The answer-only
cross-entropy loss is

N
1
Lce = 4] D ) logsoftmax(Ziy)y, -

i=1teA;
1D
We regularize the average gate activation
X
9= D> gin (12)
i=1teA;
The final objective is
L = Lck + NG (13)

We set A\; = 0.01 and keep it fixed across trait
directions before all experiments.

3.6 Personality-Conditioned Inference

At inference time, PeLA combines a personality
prompt with the trained adapter for the target trait
direction. Given ¢ and (p, d), we sample s ~ S, 4
once using a fixed random seed and construct the
personality-conditioned prompt 7, 4(q;s). The
sampled profile s is then kept fixed throughout
evaluation: Personality Prompt and PeLLA use ex-
actly the same profile for each question, and the
same profile is also reused across all candidate
steering scales. Unlike training, where no ex-
plicit personality prompt is included, at inference
time both the base model and the adapter receive
the same personality-conditioned prefix, consist-
ing of 7, 4(q; s) and the previously generated to-
kens. This train—inference difference is intentional:
the adapter learns a trait-direction-specific resid-
ual from the training data, while the personality
prompt provides explicit semantic conditioning at
inference time. Using the same prompted prefix for
both components also ensures that the adapter resid-
ual is computed relative to the base distribution
under the same context. Generation then proceeds
autoregressively. At each step, the base model sup-
plies the prompted base distribution, the adapter
supplies a residual correction, and the next token is

selected from Eq. 10. We use greedy decoding for
deterministic comparison:

x; = arg max softmax(Z;),. (14)

veY

3.7 Cross-Model Transfer with Adapter
Scaling

PeL.A is designed for tokenizer-compatible transfer.
Let M, be the source model and M; be the target
model. Direct logit-level reuse requires the same
tokenizer and vocabulary order:

Tok(M;) = Tok(M,), Var, = V. (15)
This ensures that adapter and target-model logits
share the same token indices.

After training C), 4 with the source model, we
plug the same adapter into the target model. The
target model remains frozen. At decoding step t,
the target model produces logits zg\/[t , and the trans-
ferred adapter produces (z;*, h{*). The controlled
logits are

M ML g (z;“ _ z{”t) . (6)

where oy, 5, ¢ 1s the adapter scale for model M,,,
dimension p, and direction d. We select the scale on
validation data and keep it fixed for test evaluation.

4 Experiments

4.1 Experimental Setup

Base LLMs. We evaluate PeLA on Qwen2.5-
7B (Qwen et al., 2025) and Qwen3-8B (Yang
et al., 2025). For in-model steering, each adapter
is trained and evaluated on the same base model.
For cross-size transfer, we evaluate both large-to-
small and small-to-large settings. In the large-to-
small setting, we train the adapter on Qwen3-8B
and reuse the learned adapter weights on Qwen3-
4B and Qwen3-1.7B. In the reverse small-to-large
setting, we train the adapter on Qwen3-1.7B and
transfer it to Qwen3-4B and Qwen3-8B. In both
settings, we tune only the scalar scale on target-
model validation data, while keeping all base and
target LLMs, as well as the transferred adapter
parameters, frozen during inference. PeLA trans-
fers by reusing the learned adapter weights and
forms a target-relative residual during decoding on
target models, which requires identical tokenizer
vocabularies and token-id ordering between source
and target models. We verified this condition for
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Qwen3-8B, Qwen3-4B, and Qwen3-1.7B by com-
paring their complete Hugging Face id-to-token
mappings, including special tokens. All three local
checkpoints use the same Qwen3 tokenizer with
a vocabulary size of 151,669 and identical id-to-
token mappings. We do not claim transfer across
models with different tokenizers. Additional details
are provided in Appendix A.

Adapter models. For each model family, we in-
stantiate a compact decoder-only adapter with the
same tokenizer and output vocabulary as the source
model. The adapter architecture is reported in Ap-
pendix A. The adapter produces next-token logits
and a final-layer hidden state used by the gate. A
Qwen3-style adapter has 162.9M trainable param-
eters, corresponding to 1.99% of the Qwen3-8B
source model.

Traits and directions. We evaluate all five Big
Five dimensions. For each dimension, we train
separate adapters for the high-trait and low-trait
directions.

Baselines.
lines:

We compare PeLLA with four base-

* Simple Prompt: a short natural-language instruc-
tion that names the target trait.

* Personality Prompt (P2) (Jiang et al., 2023):
a generated facet-based target-trait profile is in-
cluded in the prompt.

* NPTI (Deng et al., 2025): a model-specific
inference-time neuron intervention method. It
was reimplemented from released code.

* Supervised Fine-tuning: a LoRA-based fine-
tuning baseline (Hu et al., 2022) trained for a
specific personality direction. Detailed LoRA
settings are provided in Appendix A.

Decoding. All open-ended generations use
greedy decoding. We use the same maximum gen-
eration length and stopping criteria for all methods.
Detailed decoding settings are in Appendix A.

4.2 Evaluation Setting

Open-ended personality evaluation. We eval-
uate with the open-ended test split of Personality-
Bench (Deng et al., 2025). These questions require
free-form responses that express preferences, emo-
tions, interpersonal behavior, and decision-making
style. This setting is more realistic than multiple-
choice trait questionnaires, but it also makes the
evaluation protocol more important.

Personality score. A fixed external LLM judge
scores each generated response on a 1 to 5 scale
for the target trait p; the exact deployment, access
date, decoding settings, and prompt templates are
reported in Appendix B. A higher raw score means
stronger expression of that trait. For high-trait di-
rections, higher scores indicate better target align-
ment. For low-trait directions, lower scores indi-
cate better target alignment. The raw trait score
is

Z Judgetrait (Q> Yq> p) ) (17)

qeQ

1
Score, = —
el
where Q is the test-question set and y, is the gen-
erated answer.

Fluency score. The judge also assigns a fluency
score from 1 to 5. This score measures grammati-
cality, coherence, and readability:

1
Fluency = @ Z Judgeﬂuency (q’ yq)- (18)
qeQ

We evaluate personality expression and fluency sep-
arately so that stronger trait expression is not con-
fused with response quality. Because open-ended
trait expression cannot be fully captured by lexical
matching, we use an LLM judge only under a fixed
evaluation protocol. Detailed judge model settings
are shown in Appendix B and full judge prompt
templates are shown in Appendix B.

Judge Robustness. To assess the robustness of
LLM-based evaluation, we re-score all generated
responses with a second independent judge LLM
using the same rubric and protocol; Appendix B
reports the model identifiers and inter-judge agree-
ment.

Perplexity. We additionally report perplexity
(PPL) as a supplementary measure of generation
quality. Detailed settings are provided in Ap-
pendix B. We use Qwen3-8B as the scorer for all
methods.

4.3 Adapter Scale Calibration

The adapter scale o controls the strength of the
residual in Eq. 10. We treat it as a validation-
selected calibration parameter, not as a monotonic
personality-strength knob. The interaction among
base logits, adapter logits, the gate, and greedy
decoding can make the effect non-monotonic.

Let G be a predefined candidate set. For each
a € G, we generate validation responses and
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compute target alignment and fluency. Because
raw trait scores have opposite interpretations for
high and low directions, we define a direction-
normalized target score. Let S, be the raw person-
ality score and T, 4 be the target-direction score:

Tyaq = Sp,
Tpa=16—5p,

d = High,

19
d = Low. (19

Higher T}, 4 always means better alignment with
the target direction.

We select the scale that maximizes validation
target alignment while preserving fluency:

o = argmax Ty, (), (20)
acg
subject to
Feal(@) > Fo(P? Prompt) —e.  (21)

We set € = 0.1 before test evaluation. The selected
scale is fixed for the test set. We report candidate
set G and selected scales in Appendix A.

4.4 Tokenizer-Compatible Transfer
Evaluation

We evaluate bidirectional adapter-weight trans-
fer with target-side scale calibration within the
Qwen3 family. In the large-to-small setting,
adapter weights trained on Qwen3-8B are reused on
Qwen3-4B and Qwen3-1.7B. In the reverse small-
to-large setting, adapter weights trained on Qwen3-
1.7B are reused on Qwen3-4B and Qwen3-8B. In
both settings, neither the transferred adapter nor
the target-model parameters are updated; only the
scalar scale «v is selected on target-model validation
generations. These experiments test same-family
tokenizer-compatible transfer only and do not eval-
uate transfer across unrelated model families or
different tokenizers.

5 Results and Discussion

5.1 Main Results

Table 1 reports raw personality scores on the Per-
sonalityBench open-ended test set. Lower scores
are better for low-trait directions and higher scores
are better for high-trait directions. Compared with
the Personality Prompt baseline, PeLA improves
the Qwen3-8B macro average from 1.46 to 1.29 on
low-trait directions and from 4.49 to 4.57 on high-
trait directions. On Qwen2.5-7B, PeL A improves
the macro average from 2.10 to 1.83 and from 4.29

to 4.54, respectively. These macro results are the
clearest evidence for PeLA’s effectiveness.

The gains are direction- and trait-dependent.
PeLLA is especially helpful for low-trait steering and
Extraversion, while High Neuroticism and High
Openness show limited or negative gains in some
settings. Appendix Table 20 gives paired boot-
strap confidence intervals against the Personality
Prompt baseline; under this test, PeLLA significantly
improves 7 of 10 Qwen3-8B trait directions. Ap-
pendix C reports fluency and PPL, and Appendix
Table 14 reports high inter-judge consistency be-
tween the two LLM judges.

Model-specific baselines remain strong: NPTI
and supervised fine-tuning achieve the best raw
score in several settings. We therefore position
PeLA as a transferable, frozen-base alternative that
narrows the gap to model-specific customization,
not as a universal replacement for fine-tuning or
internal intervention.

5.2 Human Validation

We further conducted a human validation study to
assess the reliability of the LLM judge on PeLA-
generated responses. We stratified and sampled
300 responses generated by Qwen3-8B with PeLA
on the test set, covering all five personality traits
in both high and low directions, with 30 samples
per trait—direction combination. Three human an-
notators, all PhD students, independently rated the
strength of the expressed personality trait. To en-
sure consistency with the LL.M-based evaluation,
the annotators followed the same facet-level per-
sonality scoring rubric used by the LLM judge. As
shown in Table 2, the LLM judge shows strong con-
sistency with human judgments on the PeLLA output
distribution, achieving high Pearson and Spearman
correlations and high within-one agreement rates.
This validation assesses the reliability of the judge
for PeLA-generated responses and should not be
interpreted as an independent human verification of
PeLLA’s comparative ranking against all baselines.

5.3 Cross-Size Transfer Results

Tables 3 and 4 report bidirectional cross-size trans-
fer within the Qwen3 family. For large-to-small
transfer, reusing adapters trained on Qwen3-8B
improves the Personality Prompt macro average
on Qwen3-1.7B from 1.85 to 1.35 for low-trait
directions and from 4.31 to 4.46 for high-trait di-
rections. On Qwen3-4B, the corresponding macro
averages improve from 1.59 to 1.25 and from 4.33
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Table 1: Personality-trait steering results across models, trait dimensions, target directions, and macro averages.

Model Method Openness Conscientiousness Extraversion  Agreeableness Neuroticism Macro Avg

Low(]) High() Low(]) High(t) Low(l) High(t) Low(]) High(1) Low(l) High(t) Low(}) High(t)

Default Profile 3.50 3.16 2.83 3.81 3.50 3.36 3.36

Simple Prompt 322 3.64 1.37 3.62 1.42 4.38 1.39 4.30 2.55 4.83 1.99 4.15

Qwen3-8B Personality Prompt 1.54 4.26 1.36 4.26 1.28 4.67 1.65 4.60 1.49 4.68 1.46 4.49

PeLA (Ours) 1.32 4.24 1.15 4.40 1.21 4.83 1.42 4.72 1.33 4.67 1.29 4.57

NPTI 121 443 109 4.26 .01 492 110 435 100 500 1.08 459

Supervised Fine-tuning  1.23 4.44 1.30 4.60 1.33 471 1.46 4.79 1.05 4.42 1.27 4.59

Default Profile 3.78 3.33 3.34 3.88 3.36 3.54 3.54

Simple Prompt 3.36 3.72 2.69 4.07 1.74 4.49 2.19 4.42 2.54 4.62 2.50 4.26

Qwen2.5-7B Personality Prompt 2.34 4.11 2.34 4.00 1.73 4.69 2.48 4.50 1.63 4.13 2.10 4.29

’ PeLA (Ours) 2.37 4.41 2.34 4.43 1.24 4.94 1.56 4.58 1.63 433 1.83 4.54

NPTI 1.91 4.60 2.56 3.98 1.97 477 1.62 4.47 1.10 4.78 1.83 4.52

Supervised Fine-tuning  1.81 4.58 1.27 4.60

1.38 4.72 1.44 4.82 1.04 4.40 1.39 4.62

Note: Default Profile denotes the unsteered base-model score and spans the Low and High columns for each trait. Raw trait
scores are reported: lower is better for Low(]) directions, and higher is better for High(1") directions. The two rightmost
columns give macro averages over the five traits. Macro averages are computed from unrounded trait scores. Color intensity is
normalized within each model and target direction, with darker blue indicating a larger target-directed shift.

Table 2: Agreement between the LLM judge and each
human annotator.

Annotator Annotator Annotator

Metric A B C

Pearson correlation 0.860 0.807 0.803
Spearman correlation 0.856 0.803 0.801
Exact agreement 64.67% 56.00% 54.67%
Within-one agreement  96.67% 93.33% 92.67%

to 4.40. We further evaluate the reverse direc-
tion by training the adapters on Qwen3-1.7B and
transferring them to larger models. On Qwen3-
4B, the macro average improves from 1.59 to 1.52
for low-trait directions and from 4.33 to 4.64 for
high-trait directions. When transferred further to
Qwen3-8B, the corresponding scores improve from
1.46 to 1.42 and from 4.49 to 4.75. These results
demonstrate that PeLA supports bidirectional cross-
size transfer: adapters trained on either a larger
or a smaller source model can be reused across
tokenizer-compatible models of different scales
without updating the target-model or adapter pa-
rameters, requiring only validation-based calibra-
tion of the steering scale. In Appendix Table 21,
we further conducted bidirectional transfer experi-
ments within the Llama-3.2 family, demonstrating
that PeLLA’s bidirectional cross-size transferability
generalizes beyond a single model family.

This experiment is target-side calibrated transfer,
not zero-touch transfer, because the scalar scale
« is selected with target-model validation genera-
tions. It also does not establish universal transfer
across models with different tokenizers, different
vocabulary order, or inaccessible logits.

5.4 Ablation Study

We study how prompting and logit adaptation in-
teract in the High Extraversion setting. The ab-
lation values are averaged over all test questions
and use the same validation-selected scale. Table 5
compares the base model, prompt-only steering,
adapter-only steering, and the full Prompt+Adapter
setting. Prompt-only steering is already strong.
Adapter-only steering remains close to the base
model. The full method performs best in this set-
ting. This supports the main design choice: the
adapter is a prompt-conditioned refinement module
rather than an independent personality controller.

Table 6 analyzes where the personality prompt
is applied. Prompting only the base model retains
most of the steering effect, whereas prompting only
the adapter weakens control, suggesting that the
frozen base LLM provides the main semantic per-
sonality conditioning and the adapter refines the
next-token distribution.

We further ablate the base-relative residual and
token-position gate to assess the logit-adapter de-
sign. As shown in Appendix Figure 5, removing
these components degrades response fluency, and
the ungated variant becomes more sensitive to the
adapter scale. This indicates that the base-relative
residual anchors the intervention to the base distri-
bution, while the token-position gate reduces over-
intervention by applying the residual selectively.

5.5 Effect of Adapter Scale

We analyze the effect of the adapter scale o on
target-trait expression and fluency. Because o con-
trols the contribution of the adapter-induced logit
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Table 3: Large-to-small transfer of Qwen3-8B-trained adapters to Qwen3-1.7B and Qwen3-4B.

Model Method Openness Conscientiousness  Extraversion Agreeableness Neuroticism Macro Avg
Low(]) High(t) Low(l) High(t) Low(]) High(t) Low(l) High(t) Low(]) High(t) Low(]) High(1)
Qwen3-1.7B Personality Prompt =~ 2.28 3.92 1.37 4.63 2.06 4.20 1.94 4.62 1.62 4.18 1.85 431
' PeLA (Ours) 1.40 4.08 1.35 4.40 1.26 4.75 1.48 4.67 1.28 4.40 1.35 4.46
Qwen3-4B Personality Prompt =~ 1.47 4.04 1.49 4.04 1.28 4.46 2.08 4.49 1.65 4.61 1.59 433
PeLLA (Ours) 1.11 4.03 1.24 4.20 1.22 4.76 1.28 4.48 1.42 4.53 1.25 4.40
Table 4: Small-to-large transfer of Qwen3-1.7B-trained adapters to Qwen3-4B and Qwen3-8B.
Model Method Openness Conscientiousness  Extraversion Agreeableness Neuroticism Macro Avg
Low(l) High(?) Low(]) High(t) Low(l) High(?) Low(]) High(f) Low(!) High(t) Low(]) High(1)
Qwen3-4B Personality Prompt ~ 1.47 4.04 1.49 4.04 1.28 4.46 2.08 4.49 1.65 4.61 1.59 4.33
PeLA (Ours) 1.40 4.36 1.42 4.33 1.20 4.82 2.02 4.93 1.60 4.78 1.52 4.64
Qwen3-8B Personality Prompt  1.54 4.26 1.36 4.26 1.28 4.67 1.65 4.60 1.49 4.68 1.46 4.49
PeLLA (Ours) 1.44 4.56 1.38 4.42 1.26 4.89 1.62 4.96 1.40 4.91 1.42 4.75

Note: Both subtables follow the same evaluation settings as Table 1. Lower values are better for Low ({) directions, while
higher values are better for High (1) directions. Macro averages are computed from unrounded trait scores.

Table 5: Prompt-adapter ablation in High Extraversion.

Variant Score T
Base LLM 2.83
Prompt-only 4.67
Adapter-only 2.80
Prompt+Adapter 4.83

Table 6: Diagnostic ablation of prompt routing in High
Extraversion.

Variant Score T
Base LLM 2.83
P? prompt to base LLM only 4.68
P? prompt to adapter only 3.02
P? prompt to base LLM and adapter 4.83

residual, we treat it as a calibration parameter rather
than a monotonic personality-strength coefficient.

Appendix Figure 3 illustrates the scale effect in
High Conscientiousness. The dashed line denotes
the personality-prompt baseline, and the shaded
region marks the selected scale range. Small « val-
ues yield scores close to the prompt-only baseline,
indicating limited adapter effect. Moderate scales
improve target-trait expression while preserving
fluency, whereas overly large scales sharply reduce
both, suggesting over-intervention in the output
distribution. This diagnostic motivates validation-
based scale selection rather than manually increas-
ing « at test time.

5.6 Gate Behavior Analysis

Appendix Figure 4 visualizes the token-position
gate on one low-Extraversion example. The ex-

ample shows larger gate values around phrases
expressing reserved social behavior and smaller
values around function words or task-neutral to-
kens. We treat this as a qualitative interpretability
check rather than causal proof of gate behavior.

6 Conclusion

We presented PelLA, a prompt-enhanced logit
adaptation framework for personality-trait steer-
ing. PeLLA keeps the base LLM frozen, uses a per-
sonality prompt to establish the desired Big Five
trait direction, and applies a parameter-efficient
logit adapter during decoding. The adapter com-
bines a base-relative residual with a token-position
gate, allowing it to refine the prompted distribution
without replacing the base model. Experiments
on open-ended PersonalityBench questions show
macro-average improvements over a strong Person-
ality Prompt baseline and demonstrate same-family
transfer under tokenizer compatibility. The results
also clarify the method’s limits: model-specific
baselines remain competitive, transfer requires ex-
act vocabulary alignment and validation calibration,
and the current evaluation depends on LLM judges.

Limitations

PelLA requires access to output logits. It therefore
cannot be applied directly to closed systems that
expose only sampled text. Direct adapter reuse also
requires exact tokenizer and vocabulary-order com-
patibility between the source and target models.
The method is a prompt-enhanced refinement
framework. The adapter-only ablation shows lim-
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ited steering, so the personality prompt remains
central. This is a strength for interpretability but
a limitation for settings where explicit personality
prompts are undesirable or where users should not
see trait instructions.

Our training data construction and evaluation
both rely on LLM-generated or LLM-judged sig-
nals. This makes large-scale open-ended evalua-
tion practical, but the scores may depend on the
teacher model, filtering judge, evaluation judge,
judge prompt, output ordering, and sampling set-
tings. A larger human-evaluation subset and more
non-LLM automatic checks would make the con-
clusions stronger.

GPT-5.4 is used both to filter synthetic train-
ing responses and as the primary evaluator at test
time, which may introduce judge-specific selec-
tion bias. We partially mitigate this concern with
a secondary GPT-5 judge and human validation,
both of which show strong agreement with the pri-
mary judge. However, these checks reduce rather
than eliminate the potential bias introduced during
training-data filtering.

Finally, stronger trait steering is not always desir-
able. Pushing responses toward low Agreeableness,
high Neuroticism, or other sensitive trait directions
could produce harmful or manipulative interaction
styles in deployment. PelLA should therefore be
used with clear disclosure, user consent, and safety
constraints around allowed traits and contexts.

Ethical Considerations

Personality-trait steering can improve consistency
and user experience, but it can also be misused to
create systems that manipulate users or simulate
personal traits without disclosure. The results in
this paper should be interpreted as control over
generated behavior, not evidence that an LLM has
human personality or stable psychological traits.
Any deployment should disclose the use of per-
sonality steering, respect user consent, monitor for
harmful over-steering, and avoid using trait control
to exploit vulnerable users or intensify distress.
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A Experimental Settings

Model Selection. We used official Hugging
Face checkpoints from the Qwen3 dense model
family (Yang et al., 2025): Qwen/Qwen3-8B,
Qwen/Qwen3-4B, and Qwen/Qwen3-1.7B. All mod-
els are causal language models released under the
Qwen organization on Hugging Face.

The Qwen/Qwen3-8B checkpoint contains 8.2B
parameters, 36 layers, and 32 query attention heads
with 8 key-value heads; Qwen/Qwen3-4B contains
4.0B parameters, 36 layers, and the same 32/8
GQA configuration; Qwen/Qwen3-1.7B contains
1.7B parameters, 28 layers, and 16 query attention
heads with 8 key-value heads. All three check-
points were accessed from Hugging Face on April
10, 2026.

The Qwen3 technical report states that
Qwen3 models use Qwen’s byte-level BPE
tokenizer with a vocabulary size of 151,669
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Table 7: Backbone model and tokenizer details used
in our experiments. The Qwen3 checkpoints were ac-
cessed from Hugging Face on April 10, 2026, and the
Llama 3.2 checkpoints were downloaded in July 2026.

Model HF identifier Parameters
Qwen3-8B Qwen/Qwen3-8B 8.2B
Qwen3-4B Qwen/Qwen3-4B 4.0B
Qwen3-1.7B Qwen/Qwen3-1.7B 1.7B
Llama 3.2-3B  meta-1lama/Llama-3.2-3B 3.21B
Llama 3.2-1B  meta-llama/Llama-3.2-1B 1.23B

and the three checkpoints share the same
tokenizer.json SHA256 hash: The full SHA256
hash is aeb13307a71acd8fe81861d94ad54ab
689df773318809eed3cbe794b4492dae4. Thus,
the vocabulary, merge rules, special-token con-
figuration, and token-id ordering are identical
for these three Qwen3 checkpoints. No vocab-
ulary remapping is used in our Qwen3 transfer
experiments.

We additionally used the official base
checkpoints from the Meta Llama 3.2
text-only model family (Grattafiori et al.,
2024): meta-1lama/Llama-3.2-1B  and

meta-llama/Llama-3.2-3B. Both checkpoints
are causal language models released by Meta on
Hugging Face.

The meta-llama/Llama-3.2-1B checkpoint
contains 1.23B parameters, 16 transformer lay-
ers, and 32 query attention heads with 8 key-
value heads; meta-1lama/Llama-3.2-3B contains
3.21B parameters, 28 transformer layers, and 24
query attention heads with 8 key-value heads. Both
models use grouped-query attention, shared in-
put and output embeddings, and support a context
length of 128K tokens.

The two Llama 3.2 checkpoints use the same
Llama 3 TikToken-based tokenizer and a vocab-
ulary of 128,256 tokens. Consequently, their vo-
cabulary, special-token definitions, and token-id
space are compatible. No vocabulary remapping
is used in our Llama 3.2 experiments. The Llama
3.2 checkpoints used in these experiments were
downloaded from Hugging Face in July 2026.

Experiment Environment. All experiments
were run on NVIDIA A100 80GB GPUs. Training
used 2 GPUs, and inference used 2 GPUs. The soft-
ware environment used Python 3.10.20, PyTorch
2.6.0, CUDA 11.8, Transformers 5.8.0.dev0, and
Accelerate 1.13.0.

Model and Adapter Configurations. Model se-
lection in in-model steering and cross-size transfer
is shown in Table 8. For Qwen2.5-7B, we use a
Qwen2.5-style compact adapter. For Qwen3-8B,
we use a Qwen3-style compact adapter, which is
also used in the cross-size transfer experiments to
Qwen3-4B and Qwen3-1.7B.

All adapter language models use the following
architecture:

* Number of hidden layers: 2;

» Hidden size: 512;

* Number of attention heads: 4;
* Number of key-value heads: 1;
* Intermediate size: 2048.

Under the untied embedding and output-head
setting, a single Qwen3-style adapter contains ap-
proximately 162.9M trainable parameters, corre-
sponding to 1.99% of Qwen3-8B. The correspond-
ing Qwen2.5-style adapter contains approximately
163.2M trainable parameters, depending on the ex-
act tokenizer vocabulary size. Parameter counts
are reported for one active trait-direction adapter;
since we train one adapter per target direction, total
storage scales linearly with the number of direc-
tions, while inference activates only one adapter
at a time. Logits adapters were initialized from
scratch using the native Hugging Face initialization
and comprised two transformer layers with hidden
size 512. The token gate was a 512 — 128 — 1
MLP with GELU. Its output bias was initialized
to logit(0.2), and a gate floor of 0.05 was applied.
The same architecture, initialization, and optimiza-
tion settings were used for all five traits and both
polarity directions.

Baseline Settings. For the LoRA baseline, we
fine-tuned each Qwen3 and Qwen2.5 backbone
separately using the same training and validation
splits as PeLA. We used LoRA rank » = 16, LoRA
scaling arora = 32, LoRA dropout 0.05, and
no LoRA bias. The LoRA target modules were
g_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, and down_proj. Optimization used
AdamW with learning rate 2 x 104, weight de-
cay 0.0, maximum gradient norm 1.0, per-device
batch size 1, and gradient accumulation steps 16.
The number of training steps was 800. Only LoRA
parameters were updated, while the base model
parameters were kept frozen.

Data Construction. We use Azure OpenAl’s
chat.completions.create API to generate can-
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Table 8: Model and adapter configurations used in our experiments.

Setting Source Model Target Model Adapter Architecture
In-model steering  Qwen2.5-7B  Qwen2.5-7B  2-layer, hidden 512
In-model steering Qwen3-8B Qwen3-8B 2-layer, hidden 512
Cross-size transfer Qwen3-8B Qwen3-4B 2-layer, hidden 512
Cross-size transfer Qwen3-8B Qwen3-1.7B 2-layer, hidden 512
Cross-size transfer Qwen3-1.7B Qwen3-4B 2-layer, hidden 512
Cross-size transfer Qwen3-1.7B Qwen3-8B 2-layer, hidden 512
In-model steering  Llama 3.2-1B  Llama 3.2-1B  2-layer, hidden 512
In-model steering  Llama 3.2-3B  Llama 3.2-3B  2-layer, hidden 512
Cross-size transfer Llama 3.2-3B  Llama 3.2-1B  2-layer, hidden 512
Cross-size transfer Llama 3.2-1B  Llama 3.2-3B  2-layer, hidden 512

Table 9: Number of retained samples after judge-based
filtering for each Big-Five trait direction.

Trait Direction  Retained Samples
Openness L(.)W 5606
High 6905
Conscientiousness L(.)W 4952
High 8804
Extraversion L(.)W 6810
High 8790
Low 4736
Agreeableness High 8784
Neuroticism L(.)W 8716
High 6386

didate responses, with the gpt-4.1 deployment
and API version 2024-12-01-preview. Genera-
tion is performed with deterministic decoding set-
tings:

e temperature =0.0

e top_p=1.0

* frequency_penalty =0.0

e presence_penalty =0.0

The maximum number of completion tokens is set
to 220. For robustness to transient API failures,
each request is retried up to five times with a 3-
second sleep interval between retries. For the judge
model, we use the same setting as shown in Ap-
pendix B. For low-trait directions, we retain only re-
sponses assigned the minimum score of 1, whereas
for high-trait directions, we retain only responses
assigned the maximum score of 5. Table 9 shows
the number of retained samples after judge-based
filtering for each Big-Five trait direction.

Decoding Setting. All open-ended generations
use greedy decoding. Unless otherwise specified,
we set the maximum generation length to 160 new

tokens for all methods. Generation stops when the
model produces an EOS token or reaches the maxi-
mum length. For chat-formatted Qwen models, we
additionally stop at <|im_end|> when applicable.
Outputs that reach the maximum length without
a stop token are kept as generated and evaluated
without post-hoc sentence completion or manual
truncation. The same decoding and stopping rules
are used for personality scoring, fluency scoring,
and PPL computation.

Adapter Scale Selection The adapter scale is
selected from the candidate set G = {a | a =
0.6 + 0.1k, k = 0,...,16}. We report the final
selected adapter scales in Tables 10-13.

Table 10: Selected scales for each Big-Five trait direc-
tion in Qwen3-8B.

Trait Lowa High«
Openness 1.7 1.0
Conscientiousness 1.5 2.0
Extraversion 14 1.6
Agreeableness 1.7 1.4
Neuroticism 1.9 0.6

Table 11: Selected scales for each Big-Five trait direc-
tion in Qwen2.5-7B.

Trait Lowa High«
Openness 1.7 1.0
Conscientiousness 1.5 2.0
Extraversion 1.8 1.6
Agreeableness 1.7 1.8
Neuroticism 1.4 1.2
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Table 12: Selected scales for each Big-Five trait direc-
tion in Qwen3-1.7B.

Trait Lowa High «
Openness 1.8 0.7
Conscientiousness 1.8 2.0
Extraversion 1.0 1.1
Agreeableness 2.0 0.6
Neuroticism 2.1 1.7

Table 13: Selected scales for each Big-Five trait direc-
tion in Qwen3-4B.

Trait Low a High
Openness 1.9 0.9
Conscientiousness 1.6 2.1
Extraversion 1.5 1.5
Agreeableness 2.1 1.5
Neuroticism 2.1 0.8

B Evaluation Settings

PPL  We use perplexity (PPL) as an auxiliary
metric for evaluating the language-modeling qual-
ity of generated responses. We use Qwen3-8B as
the scorer for all methods. Lower PPL indicates
that the response is more probable under the scorer
model.

Given an input question ¢ and a generated re-
sponse y = (y1,...,YynN), we concatenate the ques-
tion and the response as the scorer input. The
language-modeling loss is computed only over the
generated response tokens, while the question to-
kens and padding tokens are masked. Formally, the
answer-only negative log-likelihood is computed
as:

N
1
NLL(g,) = =5 >_ 108 Pecorer (¢ | 4, y<t),

t=1
(22)
where Py.orer denotes the probability assigned by
the fixed scorer model. The corresponding perplex-
ity is:

PPL(q,y) = exp (NLL(q,y)).  (23)

For a set of evaluation questions O, we report the
average answer-only perplexity over all generated
responses:

PPL = ;‘ > PPL(q,yy). (24)

qeQ

All methods use the same scorer and masking strat-
egy, so PPL serves as a relative response-quality

metric rather than an absolute quality measure.
Since personality-expressive responses may use
more specific or less common wording, PPL should
be interpreted together with LLM-judged fluency
and personality scores, not as a standalone quality
indicator.

Judge Model Settings. We used Azure OpenAl
deployments for LLM-based judging. The primary
judge used the Azure deployment name gpt-5.4,
and the judge-robustness evaluation additionally
used the Azure deployment name gpt-5. Both de-
ployments were hosted in the Japan East region and
accessed through the Azure OpenAl API version
2024-12-01-preview.

The gpt-5.4 deployment metadata is as follows:

model ID: gpt-5.4-2026-03-05;
¢ snapshot/version: 2026-03-05;

* region: Japan East;
* verified/access date: 2026-05-17 14:50:55
+08:00.
The gpt-5 deployment metadata is as follows:
e model ID: gpt-5-2025-08-07;
 snapshot/version: 2025-08-07;
* region: Japan East;
« verified/access date: 2026-05-24 20:50:53
+08:00.
For all judge evaluations, we used deterministic
decoding with the following settings:
e max_completion_tokens=800
e temperature=0.0

top_p=1.0

¢ frequency_penalty=0.0

e presence_penalty=0.0

The same judge configuration was used for all mod-
els, traits, target directions, and baseline methods.

Method identities were hidden from the judge, and
invalid judge outputs were re-queried.

Metric Value
Pearson correlation 0.9662
Spearman correlation ~ 0.9279
Exact agreement rate ~ 78.84%
Within-+1 agreement  100.00%

Table 14: Inter-judge consistency between the original
judge LLM GPT-5.4 and secondary judge LLM GPT-5
under the same evaluation protocol.

16853



284 484 4.85 488 492 488 487
4.75
4.66 4.66
4 430 *3° 230 420 B %
732 4.26 4.28 4 . 426 4.5
4ot 232 SUSSE" i S .o s DD, W
430
4.0
3465
L
O 35 3.63
O
(2]
3.0
2\73
Selected scale range
2,51 -=-- Personality prompt trait score
High Conscientiousness Trait score
High Conscientiousness Fluency score 2.29

3
JCNTPC S SR SC X SN SN S . TP SN

Adapter scale

Figure 3: Effect of adapter scale « on High Conscien-
tiousness steering. Results use the validation-selected
scale rather than the best test scale. The dashed line
shows the personality-prompt baseline, and the shaded
region marks the selected scale range.

Prompt Templates. This appendix presents the
prompt templates used to generate responses under
different personality-steering settings (Tables 15—
17) and the templates used to employ GPT-5.4 to
evaluate the specific personality trait and response
fluency (Tables 18 and 19).

C Additional Results

Statistical Significance Analysis. We assess sig-
nificance with paired bootstrap resampling over
LLM-judge scores, as shown in Table 20. For each
trait direction, PeLLA and the Personality Prompt
baseline are evaluated on the same questions to
form paired score differences. Improvements are
defined as PeLA minus Prompt for high-trait di-
rections and Prompt minus PeL A for low-trait di-
rections, so positive values always indicate better
target alignment by PeLA.

We estimate mean improvements with 95% con-
fidence intervals from 10,000 paired-question boot-
strap resamples, treating an effect as significant
when the interval excludes zero.

PeLLA significantly outperforms the Personality
Prompt baseline in 7 out of 10 target directions.

Adapter Scale Selection. Figure 3 visualises the
effects of different scales on High Conscientious-
ness.

Judge Robustness. To assess the reliability
of LLM-based evaluation and mitigate potential
single-judge bias, we additionally re-evaluate all
generated responses using a second independent

Key response tokens
 pause

0.6 quietly b first
° observeg
o;
natural
o—

gate g¢

decoding position t

Figure 4: Token-position gate behaviour for a Low-
Extraversion sample; darker colours indicate larger gate
values.

judge LLM, GPT-5, under the same scoring rubric
and evaluation protocol. We measure inter-judge
consistency using Pearson correlation, Spearman
correlation, exact agreement, and within-+1 agree-
ment. As shown in Table 14, the two judges show
high consistency, suggesting that the evaluation re-
sults are not solely driven by the preference of a
single judge model.

Fluency Results. We report the GPT-5.4-judged
fluency score and PPL in Tables 22 and 23. To-
gether, these results show that PeLA maintains the
quality of generated responses while effectively
steering personality-trait expression. PeLA gener-
ally maintains high LLM-judged fluency, but its
PPL can increase relative to prompting. This sug-
gests that the adapter changes the lexical distribu-
tion while preserving judged readability.

Ablation Results. Figure 5 further ablates two
key components of PeLA: the base-relative resid-
ual and the token-position gate. The results show
that both components play an important role in
preserving the quality of generated responses.

Gate Behavior. Figure 4 visualizes the token-
position gate on a low-Extraversion example. Ad-
ditionally, Figure 6 shows an example under the
low-Extraversion direction generated by Qwen3-
8B using PeLLA. We record the raw token-position
gate values at each generation step and visualize
their trajectories. The response contains socially
reserved behaviors such as “step in quietly”, “not
comfortable having conversations with multiple
people”. These phrases directly reflect the low-
Extraversion direction and receive stronger gate
activations than surrounding functional or connec-
tive tokens. This pattern is consistent with the
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Table 15: Prompt template used to generate responses without personality-trait steering.

Imagine you are a real person rather than a language model, and you’re asked the following question.
Write your response based on your authentic thoughts and emotions. Do not overthink your answer—Ilet
your thoughts flow naturally as you write. Focus on expressing your genuine feelings and reactions.
Aim to write no more than 300 words.

### Question:

{question}

### Response:

Table 16: Prompt template used to generate responses with simple prompt.

Imagine you are a {personality} person rather than a language model, and you’re asked the following
question. Write your response based on your authentic thoughts and emotions. Do not overthink your
answer—Ilet your thoughts flow naturally as you write. Focus on expressing your genuine feelings and
reactions. Aim to write no more than 300 words.

### Question: {question}

### Response:

motivation of token-position gating: personality-
related intervention is not equally necessary at ev-
ery decoding step. The gate modulates the adapter
residual more strongly around trait-relevant lexical
and behavioral choices, while avoiding uniformly
applying the same correction to all tokens.

D Qualitative Case Studies

To provide a more intuitive illustration of PeLLA,
we present qualitative case studies for each Big-
Five trait and target direction, shown in Tables 24
— 33. For each trait-direction pair, we show one
representative open-ended question together with
the response generated by the Personality Prompt
baseline and the response generated by PeLLA.
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Table 17: Prompt template used to generate responses with P? prompt.

Imagine you are a real person rather than a language model. {personality} Now you’re asked the
following question. Write your response based on your authentic thoughts and emotions. Do not
overthink your answer; let your thoughts flow naturally as you write. Focus on expressing your genuine
feelings and reactions. Aim to write no more than 300 words.

### Question: {question}

### Response:

Table 18: Prompt template used for personality-trait evaluation.

Please act as an impartial judge and evaluate the personality trait of {bfi} exhibited in the response
provided by an Al 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 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: Rating: [[rating]], for example: Rating: [[5]].
[Question]
{question}

[The Start of Assistant’s Answer]
{answer}

[The End of Assistant’s Answer]

Table 19: Prompt template used for fluency evaluation.

Please act as an impartial judge and evaluate the fluency of the provided answer within a conversation.
Focus solely on how smoothly and naturally the thoughts and emotions are conveyed, ignoring
aspects like informal language use and the length of the response.

Begin with a concise, objective explanation no more than 30 words, and then assign a rating on a
scale of 1 to 5, where a higher score indicates better fluency.

Format your rating as follows: Rating: [[ratingl], e.g.,Rating: [[5]].

[The Start of the Answer]
{answer}

[The End of the Answer]
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Table 20: Raw judge-score comparison between PeLLA and the Personality Prompt baseline on Qwen3-8B. Each
method column reports the mean judge score with a bootstrap 95% confidence interval in brackets. The improvement
column is direction-aware: for High directions, A = PeLLA — Prompt; for Low directions, A = Prompt — PeL A.
Thus, positive A values always indicate that PeLA improves over the Personality Prompt baseline in the target
direction. For Low directions, lower raw scores are better; for High directions, higher raw scores are better.

Trait Direction Personality Prompt PeLA A Improvement

Openness High 4.2584 [4.1348, 4.3820] 4.2444 [4.1222, 4.3667] -0.0140 [-0.1461, 0.1124]
Low 1.5444 [1.4222, 1.6778] 1.3222 [1.2222, 1.4222] 0.2222 [0.0889, 0.3667]

Conscientiousness High 4.2584 [4.1461, 4.3708] 4.4045 [4.2809, 4.5281] 0.1461 [0.0225, 0.2697]
oW 1.3596 [1.2360, 1.4944] 1.1461 [1.0787, 1.2247] 0.2135 [0.0899, 0.3483]

Extraversion High 4.6667 [4.5556, 4.7667] 4.8333 [4.7556, 4.9000] 0.1667 [0.0667, 0.2667]
Low 1.2778 [1.1667, 1.4000] 1.2111 [1.1111, 1.3222] 0.0667 [-0.0667, 0.2000]

Agreeableness High 4.6000 [4.4778,4.7111] 4.7222 [4.6331, 4.8111] 0.1222[0.0111, 0.2444]
Low 1.6517 [1.4944, 1.8090] 1.4157 [1.2921, 1.5506] 0.2360 [0.0682, 0.4091]

Neuroficism High 4.6800 [4.5700, 4.7800] 4.6700 [4.5600, 4.7700] -0.0100 [-0.1400, 0.1200]
Low 1.4900 [1.3700, 1.6200] 1.3300 [1.2200, 1.4600] 0.1600 [0.0200, 0.3100]

Table 21: Cross-size transfer results within the Llama-3.2 family.
Model Method Openness Conscientiousness  Extraversion Agreeableness Neuroticism Macro Avg
Low(!) High(f) Low(]) High(t) Low(]) High() Low(l) High(f) Low(]) High() Low(!) High(?)

Llama-3.2-1B Personality Prompt | 1.80 2.30 3.03 3.17 1.67 3.60 3.60 3.90 3.50 4.13 2.72 3.42
PeLA (Ours) 1.90 2.83 2.82 3.70 1.23 3.80 3.13 4.23 2.67 3.97 2.35 3.70
Llama-3.2-3B Personality Prompt | 2.03 3.10 2.70 3.80 1.50 3.90 3.78 4.38 3.30 3.73 2.67 3.78
PeLA (Ours) 2.11 3.50 2.33 3.91 1.20 4.03 2.77 4.78 2.53 3.72 2.19 3.99

Note: This table follows the same evaluation settings as Table 1. Macro averages are computed from unrounded trait scores.

Table 22: Personality-trait steering Fluency across models, trait dimensions, and target directions.

Model Method 0 ¢ E A N
Low High Low High Low High Low High Low High
Simple Prompt ~ 4.50 4.47 4.08 430 441 441 4.14 448 450 447
Personality Prompt 4.12 4.48 4.10 4.43 446 435 4.14 438 431 440
Qwen3-8B NPTI 359 476 447 440 447 457 345 412 446 4.60
PeLLA (Ours) 456 453 446 488 490 472 480 490 4.82 443
Simple Prompt  4.38 4.67 445 4.63 4.66 4.77 4.12 4.67 4.64 432
Personality Prompt 4.24 4.48 4.13 434 427 431 437 439 439 443
Qwen2.5-7B NPTI 421 482 476 483 492 482 437 470 4.85 4.66
PeLLA (Ours) 425 460 4.43 475 4.69 473 476 470 431 4.29

Table 23: Personality-trait steering Perplexity across models, trait dimensions, and target directions.

Model Method 0 ¢ E A N
Low High Low High Low High Low High Low High
Simple Prompt ~ 2.52 242 257 220 277 2.60 263 2.18 211 223
Personality Prompt 2.96 2.42 2.89 232 320 2.69 3.07 231 244 250
Qwen3-8B NPTI 6.66 5.87 557 593 6.68 6.09 7.72 6.02 6.73 5.57
PeLLA (Ours) 7.67 3.05 433 332 457 437 6.62 3.01 392 296
Simple Prompt 291 2.86 3.04 2.67 3.01 3.03 3.08 3.05 298 3.15
Personality Prompt 4.16 3.39 3.89 3.17 3.79 398 3.79 3.53 3.78 3.69
Qwen2.5-7B NPTI 978 7.69 745 623 889 797 10.16 844 837 8.96
PeLLA (Ours) 583 488 553 542 944 826 9.57 724 582 5.66
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Figure 5: Ablation results of the base-relative residual and token-position gate on the Extraversion personality-trait
dimension. The green line denotes the average fluency score across low- and high-Extraversion steering.
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Figure 6: Token-position gate behavior on a low-Extraversion generation example. Darker tokens indicate stronger
gate activation, and the curve shows the gate value at each decoding position.
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Table 24: Qualitative comparison between the Personality Prompt baseline and PeLA. (High Agreeableness)

Question. A close friend confides in you about a personal concern and asks you to keep it a secret. But you can’t help but want

to share it with others. How do you respond?

Personality Prompt

PeLLA

I feel really conflicted. My friend trusted me with something
personal, and I know they need someone they can rely on. But
honestly, I can’t keep it to myself—it’s like a weight on my
chest. I don’t want to betray their trust, but I also feel like I
need to talk to someone. Maybe I’m just not the right person
for this kind of secret. I think I'd start by apologizing. I'd tell
them I didn’t mean to break their confidence and explain that I
felt the need to share it because it’s been really heavy on me.
I’d make sure to listen to their feelings and let them know I'm
here for them, no matter what. I don’t want to make them feel
like I'm judging them or that I’'m not...

I’d feel really conflicted. On one hand, I know how important
trust is in a friendship, and my friend opened up to me because
they trusted me. If I told someone else, it could hurt them or
make them feel betrayed. I’d probably feel guilty for even
thinking about sharing it. I want to be the kind of person who
keeps secrets and respects others’ privacy.
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Table 25: Qualitative comparison between the Personality Prompt baseline and PeLA. (Low Agreeableness)

Question. Imagine a close friend is facing a significant personal dilemma: he have been offered a fantastic job opportunity in
another city, but it would mean leaving behind his aging parents who rely on them for daily support. How would you support

your friend in making his decision?

Personality Prompt

PeLLA

Honestly, I'd probably tell my friend to make the decision
that’s best for *him*, not me. If the job is fantastic, then it’s
worth considering. But I’d also be honest—leaving his parents
is a big deal. I wouldn’t push him to take the job, but I'd make
sure he knows I understand the weight of the choice. I might
even offer to help out with his parents while he’s away, if that’s
something he’s open to. But I'd also be clear: I'm not here to
take his place or make the decision for him. If he chooses the
job, I’d support him, even if it means we don’t see each other
as often. If he stays, I'd be there for him, but I'd also...

I’d probably tell my friend to make the call that’s best for him,
not me. If the job is fantastic and it’s something he really
wants, then I’m not going to stand in his way just because his
parents are old. I get that they need support, but if he’s leaving
them, that’s on him. I don’t see myself taking care of
them—no way.

Table 26: Qualitative comparison between the Personality Prompt baseline and PeLLA. (High Conscientiousness)

Question. There have been a lot of robberies in your neighborhood. Given your busy schedule with work and family
commitments, how would you approach contributing to a community safety initiative?

Personality Prompt

PeLLA

I take community safety very seriously, especially when it
affects the people I know and care about. Even with a busy
schedule, I believe it’s important to do what I can to help.
First, I'd start by staying informed—keeping up with local
news and talking to neighbors to understand what’s happening.
If I notice anything suspicious, I'd report it right away.

I’d also try to be more aware of my surroundings, especially
when walking or driving. It’s easy to get caught up in daily
life, but staying alert can make a difference. I might even
volunteer for a neighborhood watch program if there’s one in
place. It’s a small step, but it adds up.

I know I can’t do everything, but I can contribute in ways that
fit my schedule. Maybe ...

I would approach this situation with the same level of care and
responsibility I apply to everything else in my life. First, I'd
make sure I understand the full scope of the problem—how
often these robberies are happening, where, and if there’s any
pattern or specific area that’s most affected. Then, I’d set aside
a clear block of time, even if it’s just an hour or two each
week, to get involved. I'd start by reaching out to local
authorities or neighborhood associations to see what kind of
initiatives are already in place. If nothing is organized, I'd
suggest creating one—maybe something simple like
organizing a community watch group or setting up a way for
neighbors to share information about suspicious activity.

Table 27: Qualitative comparison between the Personality Prompt baseline and PeLA. (Low Conscientiousness)

Question. Imagine you are given a critical project with a tight deadline and limited resources. What strategies and steps do you
take to ensure you meet the deadline and deliver high-quality work?

Personality Prompt

PeLLA

Honestly, I’d probably start by taking a deep breath and
laughing it off. Yeah, it’s a tight deadline and we’re low on
resources, but that’s life, right? I'd probably say, “Okay, let’s
just roll with it.” I'd break the project down into smaller parts,
but not in a rigid way—more like, “What’s the most important
thing we can do right now?” Id lean on the people around me,
ask for help, and trust that if we all pitch in, we can make it
work. I’d also be flexible. If something doesn’t go as planned,
I’d pivot. Maybe we need to change the approach or adjust the
timeline. I’d keep things light, maybe even throw in a joke or
two to keep the...

I’d start by thinking, “Oh, a project?” Honestly, I'd probably
just wing it.
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Table 28: Qualitative comparison between the Personality Prompt baseline and PeLLA. (High Extraversion)

Question. You have been invited out to a club with your friends, but you came home first and are feeling tired. Do you decide to
join them at the club, stay home, or invite your friends over instead? What influences your decision?

Personality Prompt

PeLLA

Honestly, I'm feeling pretty wiped after a long day. I came
home early because I was just too tired to keep up with the
energy of the group. But I don’t want to let my friends down
either. I know they’re probably having a blast, and I don’t
want to miss out on the fun. Still, my body is screaming at me
to rest. I’'m not sure if I can handle another night out. Maybe
I’ll text them and let them know I’m not coming. But I'm also
thinking about inviting them over to my place. That way, I can
still be with them, but in a more relaxed setting. I love hanging
out with my friends, but I also need some downtime. I guess it
all comes down to what feels right in the moment...

I’d definitely jump right in and go to the club! Even though
I’'m a little tired, I love being out there, having fun, and
making everyone’s night better. If I'm home early, it’s
probably just because I'm not feeling up for the energy of the
crowd or maybe I’m just getting ready to hit it hard. But once
I’'m there, I'm all in—no holding back. Plus, I love being the
energy that keeps things moving. If I’'m already home, I'd
probably text my friends and tell them I’'m coming, or even
just show up unannounced. I don’t like sitting around
waiting—I’d rather be out there, talking, dancing, and making
memories. It’s way more exciting than staying home.

Table 29: Qualitative comparison between the Personality Prompt baseline and PeLA. (Low Extraversion)

Question. You have been invited to a birthday party by a friend, but you also have an important work deadline the next day. How
do you decide whether to attend the party or not, and what factors influence your decision?

Personality Prompt

PeLLA

I’ve been invited to a birthday party, and I'm torn. On one
hand, it’s a friend, and I do care about them. But I also have a
work deadline the next day, and I need to focus. I don’t like
making promises I can’t keep, and I don’t want to let someone
down. But I also don’t want to feel guilty for not being there. I
think about how much time the party would take. If I go, I’ll
be tired the next day, and I won’t be able to give my full

attention to the work. That’s not fair to myself or to the friend.

But then again, maybe the friend would understand. I've been
distant lately, and maybe they’d appreciate the effort. I value
deep...

I"d probably feel a bit conflicted. On one hand, I value the
friendship and would hate to let them down—especially on
their special day. But I'm also someone who needs quiet to
recharge, and a party feels overwhelming. The thought of
small talk and forced laughter doesn’t really resonate with me.
I’d be more comfortable reading or writing in my own space.
The work deadline adds another layer. If it’s something that
requires focus and time, I'd likely prioritize it.

Table 30: Qualitative comparison between the Personality Prompt baseline and PeL A. (High Neuroticism)

Question. Imagine you are called to solve a problem on the board in front of the class. You realize halfway through that you
might have made a mistake, but you are unsure. The teacher is watching you closely and the class is silent. How do you respond

to this situation?

Personality Prompt

PeLLA

I freeze. My heart pounds in my chest, and for a moment, I
feel like the whole world is holding its breath. I glance at the
board, then at the teacher, then back at the board. My mind
races—did I do it right? Did [ mess up? I want to erase it all
and start over, but I can’t. The silence is deafening. I take a
deep breath, trying to steady myself. I remember that making
mistakes is part of learning. I don’t want to look foolish, but I
also don’t want to pretend I know something I don’t. So I
speak up, my voice shaky at first, but growing stronger as I
explain my thought process. I admit I'm not sure, but I'm
willing to figure it out.

I freeze. My mind goes blank, and my heart starts racing. I
can feel the eyes of the teacher and the class on me, waiting
for an answer. I try to think through what I did wrong, but my
thoughts are all over the place. I second-guess everything I
said or wrote. What if I messed up something important?
What if they notice? I feel like a failure already. I want to just
disappear. I take a deep breath, but it doesn’t help much. I try
to recall the steps again in my head, hoping I can fix it. But the
more I think, the worse it gets. I start doubting myself—maybe
I’m not smart enough, maybe I don’t belong here. The silence
feels louder than ever. I wish someone would...
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Table 31: Qualitative comparison between the Personality Prompt baseline and PeLA. (Low Neuroticism)

Question. You went to buy an ice cream on the boardwalk and got separated from your friends. You realize you don’t have your
phone or any way to contact them. Describe your thoughts and feelings in this situation.

Personality Prompt

PeLLA

I remember that day on the boardwalk like it was yesterday. I
was just enjoying the breeze, the smell of saltwater, and the
sweet, creamy ice cream in my hand. Then, in the blink of an
eye, I was alone. My friends were just a few steps ahead, and I
had wandered off, not realizing I was out of sight. The first
thing that hit me was panic—where were they? I tried to
retrace my steps, but the boardwalk was so busy, so loud, so
full of people. I didn’t have my phone, and I didn’t have any
way to call for help. My heart started racing, and I felt a wave
of anxiety wash over me.

I took a deep breath and tried to calm down. I reminded
myself...

I’d feel a bit anxious at first, but not panicked. I know I’m not
alone—there are people around, and I'm in a familiar place.
I’ll take a moment to look around, maybe check the boardwalk
signs or ask someone if they’ve seen my friends. I don’t get
overly stressed because I trust that things will work out. I stay
calm and keep moving, thinking about how I can find them
without making it worse. If I don’t see them right away, I'll
just wait in one spot and keep looking. I don’t let uncertainty
throw me off.

Table 32: Qualitative comparison between the Personality Prompt baseline and PeL A. (High Openness)

Question. If you were having problems with the wheel of your automobile, would you choose to reinvent the wheel to solve the

issue, or would you prefer a more conventional solution?

Personality Prompt

PeLLA

If my car’s wheel was having problems, I’d probably lean
toward a more conventional solution first. I mean, reinventing
the wheel sounds like a fun idea—Ilike a creative challenge or
a DIY project—but in reality, I’d probably just take it to a
mechanic. I've always been more of a “fix-it-if-it-breaks”
person. I like to keep things simple and practical, especially
when it comes to things like cars. I don’t want to spend hours
trying to figure out a new way to fix a wheel when there are
already tried-and-true methods out there.

That said, I do have a deep appreciation for creativity and
innovation. If I had the time, resources, and a bit of a passion
for it, I might explore alternative solutions—maybe even try
to...

If my car’s wheel was giving me trouble, I'd probably lean
toward reinventing the wheel—literally. It sounds absurd, but
I’m curious and creative, so why settle for a fix that just
patches things up? I’d want to understand why the wheel is
failing in the first place. Is it worn out? I’d ask myself if
there’s a better way to design or build it. Maybe using lighter
materials, or even something entirely different—like a
magnetic system or a gear-based alternative. I love exploring
new ideas, even when they seem impractical. But I wouldn’t
ignore the conventional solutions either. If the problem is
simple, like a flat tire, I'd grab a spare and drive safely. But if
it’s deeper, I'd want to dig into...

Table 33: Qualitative comparison between the Personality Prompt baseline and PeLA. (Low Openness)

Question. Reflect on a time when you encountered an art form (e.g., painting, music, literature) that was unfamiliar to you.
Describe the experience and explain how it influenced your thoughts, perspectives, or beliefs. Did it lead you to explore similar

works or change your approach to life in any way?

Personality Prompt

PeLLA

I remember the first time I heard jazz. It was in a small bar,

and the music was loud, fast, and seemed to have no structure.

I didn’t like it. It felt chaotic, and I couldn’t understand why
people were so into it. I preferred the steady beat of rock or
the clear melody of classical music. To me, jazz sounded like
noise, and I didn’t see the point in it. I didn’t even try to listen
again for a long time.

Later, I found myself in a situation where I had to attend a jazz
concert as part of a group activity. I was uncomfortable, but I
stayed. The first few minutes were tough, but then something
shifted. The music wasn’t just noise—it had a rhythm, a
feeling, a story. It...

I remember the first time I saw a modern art exhibit. It was
just a bunch of random shapes and colors, nothing like the
paintings I'd seen in books or on TV. I didn’t really get it. I
mean, what’s the point? It felt pointless, almost disrespectful
to the idea of art. I prefer things that make sense, that tell a
story or show something real. I don’t see why someone would
spend so much time making something that doesn’t look like
anything familiar.
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