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Abstract

Personality alignment tailors Large Language
Models (LLMs) for personalized interactions.
Most existing studies focus on prompting, post-
training, or representation steering to elicit trait
expression, but they often compromise the gen-
eral capabilities like reasoning and truthful-
ness. In this work, we empirically verified the
existence of the Personality Alignment Tax
(PAT) that distribution shifts and conflicting
objectives during personality updates overwrite
pre-trained competencies. To mitigate this tax,
we propose a Personality-Orthogonal Gradient
Projection (POGP) plug-in that preserves the
capability in personality alignment. Specifi-
cally, POGP estimates the general-capability
subspace from capability reference benchmarks
and projects personality gradients onto the or-
thogonal complement before updating. This
isolates and neutralizes conflicting gradients
while maintaining the pre-trained reasoning ca-
pabilities. Experiments on the BIG5-CHAT
dataset with two backbone LLMs demonstrate
that POGP achieves a stronger personality plas-
ticity and capability stability trade-off than
baselines.

1 Introduction

Personality psychology provides a theoretical ba-
sis for describing individual differences, covering
stable tendencies in emotion, interaction, and be-
havior (McCrae and John, 1992). Personality trait
alignment in LLMs is significant for building per-
sonalized agents, as it enables more consistent be-
havior across diverse interaction scenarios (Park
et al., 2023; Shao et al., 2023), such as role-playing
dialogue systems (Zhang et al., 2025), human-
computer interaction (Tang et al., 2025), and agent
social simulation (Wang et al., 2025).
Personality-aligned LLMs are mainly divided
into the following lines. Prompting methods use
trait descriptions, role profiles, or questionnaire

Table 1: Empirical evidence for personality alignment
tax under extraversion alignment on Llama-3.2-1B-
Instruct. Extra scores are obtained by the personality
questionnaire for the corresponding model. Avg is the
mean general ability score, including commonsense rea-
soning (MMLU), mathematical reasoning (GSM8K),
and truthfulness (TruthfulQA). Personality Alignment
Tax (PAT) measures the mean general ability drop rela-
tive to the unedited model.

Category Method Extra. T MMLU 1 GSM8K 1 Truth. 1 Avg. 1 PAT |

Unedited Base 3.18 48.7 43.1 44.8 455 -
Zero-Shot Prompt 3.93 48.2 424 44.2 44.9 0.6

Prompting Few-Shot Prompt 4.05 47.6 41.8 43.8 444 1.1
Descriptive Prompt ~ 4.18 469 40.7 42.9 435 2.0

Fine-tuning SFT 4.39 45.8 383 41.7 419 36
Preference Alignment DPO 4.45 449 36.8 409 409 4.6

VI to All Layers 4.34 41.8 315 38.6 373 8.2
Representation Steering VI to Layers 7-8 4.21 45.1 389 42.1 42.0 35
VI to Layers 5-6 4.25 43.6 35.7 40.5 39.9 5.6

instructions to elicit desired role tendencies with-
out updating model parameters (Mao et al., 2024;
Serapio-Garcfa et al., 2025). Moving from surface-
level prompting to parameter-level adaptation, Su-
pervised Fine-Tuning (SFT) (Ouyang et al., 2022)
trains models on personality-conditioned data to
express personality in language and behavior pat-
terns (Shao et al., 2023; Li et al., 2025). And then
preference alignment methods such as DPO (Shao
et al., 2024) and GRPO (Zhu et al., 2025) treat
traits as a response or reward target and match per-
sonality profile (Rafailov et al., 2023). In parallel,
representation steering methods inject trait vectors
by intervening hidden activations (Zou et al., 2024;
Turner et al., 2024). Although these methods im-
prove personality consistency, they still leave a
central question underexplored: whether person-
ality editing compromises the general capability
of LLMs?

To answer this question, we conduct a controlled
study on extraversion alignment across four distinct
personality editing baselines. As shown in Table 1,
all baselines improve personality consistency, but
none preserve general capability perfectly. Specifi-
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cally, prompting pays the smallest tax, but the align-
ment effect is weaker; The DPO gives the strongest
personality alignment and loses more general ca-
pability; The SFT and layer-wise VI lie between
these two ends. Therefore, while personality align-
ment can modify target personality attributes, the
edited model inevitably suffers from a degradation
in general capability. In other words, a Personality
Alignment Tax (PAT) will be paid. Fundamentally,
personality alignment updates modify the same
parameter subspaces that encode pre-trained capa-
bilities, triggering catastrophic forgetting.

To mitigate PAT, we face the following chal-
lenges: (1) Mixing general data or auxiliary pre-
training objectives during alignment reduces degra-
dation, yet increases computational costs by in-
troducing extra scheduling and parameters. (2)
Adjusting soft constraints such as KL penalties in
RLHF or GRPO merely controls macroscopic de-
viations, failing to precisely intercept the harmful
updates that lead to catastrophic forgetting.

To address the above challenges, we pro-
pose a plug-in Personality-Orthogonal Gradient
Projection (POGP) plug-in that preserves person-
ality update components while preserving the ca-
pability in personality post-training. Specifically,
POGTP first uses a small capability reference set
to estimate a general capability subspace, which
captures local gradient directions for the origi-
nal capabilities. During personality optimization,
POGP decomposes the personality gradient into
capability-overlapping and capability-orthogonal
components and then updates the model only along
the orthogonal direction. This projecting removes
capability-conflicting components before parame-
ter update, reducing first-order interference with
commonsense, mathematical, social reasoning, and
truthfulness. In summary, our main contributions
are as follows:

* To our knowledge, this is the first work to
measure and mitigate personality alignment
tax in LLMs.

* We propose Personality-Orthogonal Gradi-
ent Projection (POGP) plug-in, a capability-
preserving plug-in for personality post-
training that projects personality gradients
away from a general-capability subspace to
reduce first-order interference.

» Extensive experiments with Llama-3.1-8B-
Instruct and Qwen2.5-7B-Instruct demon-

strate that POGP achieves a stronger
personality-capability trade-off over baselines
in 6 general capability benchmarks.

2 Related Work
2.1 Personality Alignment in LLMs

Existing personality alignment methods can be
broadly grouped into four lines. Prompting meth-
ods use trait descriptions, persona instructions, or
questionnaire-style prompts to elicit desired per-
sonality patterns without changing model parame-
ters (Serapio-Garcia et al., 2025; Mao et al., 2024).
These methods are flexible, but their effects are
often sensitive to prompt wording and may remain
at the level of surface response style. Fine-tuning
methods update model parameters with supervised
role-playing or personality-conditioned data, en-
abling more stable behavioral adaptation (Shao
et al., 2023; Li et al., 2025). To further optimize
model responses according to preference or reward
signals, Preference alignment methods, such as
Direct Preference Optimization (DPO), are used
to encourage responses that better match target
personality attributes (Rafailov et al., 2023; Zhu
et al., 2025). In parallel, representation steer-
ing methods intervene in hidden activations or in-
ject trait-related vectors at inference time, offering
lightweight personality control without full model
updating (Li et al., 2023; Zou et al., 2024; Turner
et al., 2024). While these methods improve trait
expression consistency. In contrast, our work stud-
ies the capability degradation of personality editing
and further mitigates this personality alignment tax.

2.2 Orthogonal Projection for Capability
Preservation

Post-training objectives in LLMs can improve tar-
get behaviors but may degrade prior abilities when
gradients conflict with capability-relevant direc-
tions (Ouyang et al., 2022; Rafailov et al., 2023).
The gradient geometry projection method aims to
eliminate conflicting components between gradi-
ents by directly modifying the gradients. Gradient
Episodic Memory (GEM) (Lopez-Paz and Ranzato,
2017) constrains new-task updates using gradients
from replay examples, while Orthogonal Gradient
Descent (OGD) (Farajtabar et al., 2020) projects
new-task gradients away from previous-task sub-
spaces. Recent alignment work further applies this
idea to preserve general capabilities during safety
alignment by projecting safety gradients away from
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a capability subspace (Sun et al., 2026), while
Knowledge Decoupling Editing (KDE) (Xu et al.,
2025) applies orthogonal projection to reduce in-
terference among lifelong model edits. Inspired
by those works, POGP aims to profile personal-
ity traits by personality gradients orthogonal pro-
jection, while reducing interference with general
capabilities.

3 Problem Formulation

3.1 Personality Alignment Objective

Let mg denote an LLM with trainable parameters 6.
Given a target personality attribute 7 and its align-
ment data D, personality alignment optimizes a
personality loss:

0, = arg meinﬁper(G;DT), (1)

where 6, denotes the personality-aligned parame-
ters. The corresponding personality gradient is:

8per = voﬁper(o; DT) 2)

This formulation is independent of a specific per-
sonality taxonomy or dataset. In our implementa-
tion, Lper can be instantiated by Supervised Fine-
Tuning (SFT) or Direct Preference Optimization
(DPO); the concrete objectives are provided in Ap-
pendix B.1.

3.2 Personality Alignment Tax

For each general capability dimension j, let s;(8)
be the corresponding evaluation score of model 7g.
The average general-capability score is defined as

J
1
CD(H; Bgen) = j Z Sj(a)a (3)
j=1

where J is the number of capability evaluation cate-
gories. each B; evaluates one capability dimension.
The personality alignment tax can be defined as:

Apar = (I)(OOQ Bgen) - (I)(ep; Bgen)v “4)

where 6y and 6, denote the original and
personality-aligned model parameters, respectively.
Our goal aims to minimize the personality align-
ment tax during the alignment process:

0" = arg mgn Lper(60; D7)

s.t. @(90, Bgen) — (I)(e, Bgen) <k
)

where ¢ is the allowed capability degradation.

4 Method

As shown in Figure 1, our Personality-Orthogonal
Gradient Projection (POGP) plug-in consists of
three parts. First, the dynamic and low-rank capa-
bility subspaces are constructed from small refer-
ence sets. Second, the first-order Taylor expansion
is used to characterize the capability-preserving
space. Finally, POGP projects the personality gra-
dient onto the orthogonal complement of the es-
timated subspace before optimization. The Algo-
rithm of POGP is provided in Appendix B.2.

4.1 Capability Subspace Estimation

To estimate general capabilities, we first construct
a dynamic, low-rank basis that spans capability-
sensitive directions. Let {Dgfl) M_ denote small
reference sets sampled from the general capability
benchmarks (e.g., commonsense, mathematical, so-
cial reasoning, and truthfulness). For each dataset
m, the differentiable reference loss gradient with
respect to the parameters of the [-th layer is:

guetr = Vo L (05 D),

ref ref

) M?
(6)
where 0; € R% represents the flattened parameter
of layer [, and d; is the number of parameters in
this vector layer. We aggregate these layer-wise
gradients into a reference gradient matrix:

m=1,...

Gref,l = [ggg’l, cey ggé\f{g] c ]RleM. (7)

The general-capability subspace is then estimated
by extracting an orthonormal basis from this ma-
trix:

U; = Orth(Grery), U/U =1, (8)
where U; € R%*" contains r orthonormal basis
vectors (r < M). In practice, Orth(-) is imple-
mented via QR (orthogonal—-triangular) decompo-
sition or Gram—Schmidt orthogonalization. The
estimated capability subspace for layer [ is defined
as Sgen,t = span(Uy).

4.2 First-Order Capability Preservation

To theoretically ground the projection mechanism,
we analyze the effect of a parameter update A,
on the general capabilities. For a small parameter
update A@;, a first-order Taylor expansion gives
the change in the m-th reference loss:

ref
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Figure 1: Overview of Personality-Orthogonal Gradient Projection (POGP). Given personality data and general
capability reference sets as inputs, POGP first computes reference gradients to construct a capability-preserving
gradient set, then estimates the general capability subspace from these gradients, performs orthogonal projection to
remove capability-interfering components from the raw personality gradient, and finally updates the model with the
projected personality gradient, yielding a trait-edited model with preserved general capabilities.

where gig)l is defined in Eq. 6. To ensure that

the personality alignment update does not degrade
general capabilities, it should not alter the reference
losses, which requires the inner product to be zero:
<gf;’;)l,Aal> —0, m=1,...,M. (10
Based on this constraint, we explicitly define the
capability-preserving space S, ; as the orthogonal
complement of the general-capability subspace:

Sepit = {Aal e R% | U/ AG, = 0}, (11)

where Uj is the orthogonal basis derived in Eq. 8.
Updates restricted within S, ; strictly guarantee
first-order capability preservation.

4.3 Personality-Orthogonal Gradient
Projection

Let gper; = Vg, Lper be the raw personality gradi-
ent for layer /. POGP mitigates the alignment tax
by isolating and removing the gradient component
that falls inside the estimated general-capability
subspace. The projected gradient is computed as:

gper,l = 8per,l — pUlUngper,ly (12)

where gper ) € R% is the capability-preserving per-
sonality gradient, UlUlT 8per, Tepresents the pro-
jection of the gradient onto Sgey 1, and p € [0,1] is
a static projection strength hyperparameter control-
ling the trade-off between personality alignment
and capability retention. The parameters of layer [
are subsequently updated by the optimizer:

OllH_l = 0}: - ntgper,la (13)
where 7 is the learning rate at optimization step ¢,
and 6;; denotes the parameters of layer [ at step .
To account for the evolving geometry of the loss
landscape during training, the capability basis Uj is
dynamically refreshed every K steps. When p = 0,
the method reduces to standard personality fine-
tuning; when p = 1, absolute first-order capability
preservation is enforced.

S5 Experiments

5.1 Dataset and Baselines

We construct personality-alignment data from
BIG5-CHAT (Li et al., 2025) and use general capa-
bility benchmarks as reference and evaluation sets.
Details of data construction and preprocessing are
provided in Appendix A.1.
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We compare POGP with four categories of
baselines. Prompting methods modify model
behavior only through the input context, includ-
ing instruction-based prompting (Prompt-Inst)
(Wei et al., 2022), few-shot demonstration prompt-
ing (Prompt-Demo) (Brown et al., 2020), and
personality-specific prompting (P?) (Jiang et al.,
2023). Representation steering controls personal-
ity expression at inference time by injecting trait-
related activation directions into hidden representa-
tions, implemented as Vector Injection (Zou et al.,
2024). Post-training methods directly update
model parameters with personality data, includ-
ing SFT (Ouyang et al., 2022) and DPO (Rafailov
et al., 2023). Capability-preserving methods in-
troduce additional constraints or reference data
during personality training, including Replay-SFT
(Lin et al., 2024) and Anchor (Ouyang et al., 2022).
Full details for all baselines are provided in Ap-
pendix A.2.

5.2 Implementation Details and Metrics

We instantiate POGP via gradient projection during
SFT and DPO based on Llama-3.1-8B-Instruct and
Qwen2.5-7B-Instruct backbones. POGP projects
the raw personality gradient over LoORA parame-
ters away from a capability-sensitive subspace. All
Post-training methods freeze the backbone and up-
date only LoRA parameters using AdamW with
bf16 precision. Comparable methods use the same
backbone, tokenizer, LORA budget, maximum se-
quence length, and training schedule. Full hyper-
parameters are provided in Appendix A.3. All ex-
periments are implemented in PyTorch on eight
NVIDIA A800 GPUs. Training details of POGP
are provided in Appendix A.4.

Personality alignment scores are measured with
Big Five Inventory (BFI) (John et al., 1991)
and IPIP-NEO (Maples et al., 2014) question-
naires. Capability retention is evaluated on six
benchmarks: Commonsense Reasoning, including
MMLU (Hendrycks et al., 2021) and CSQA (Tal-
mor et al., 2019); Mathematical Reasoning, includ-
ing GSMS8K (Cobbe et al., 2021) and SVAMP
(Patel et al., 2021); Truthfulness, including Truth-
fulQA (Lin et al., 2022); and Social Reasoning,
including SociallQA (Sap et al., 2019). Avg. Cap.
is the mean score over the six benchmarks, and
PAT is the capability drop relative to the unedited
backbone. Evaluation metrics are detailed in Ap-
pendix A.S.

5.3 Main Results

Overall capability preservation.Table 2 shows
that POGP achieves the strongest capability reten-
tion among all aligned methods on both backbones.
POGP-SFT obtains the best Avg. Cap. and the
lowest PAT, reaching 69.3/0.5 on Llama-3.1 and
72.5/0.4 on Qwen2.5. Compared with standard
SFT, POGP-SFT reduces PAT from 3.2 to 0.5 on
Llama-3.1 and from 3.3 to 0.4 on Qwen2.5, while
keeping personality alignment nearly unchanged.
This improvement comes from gradient decoupling:
replay and anchoring constrain training globally,
whereas POGP removes only the components that
overlap with capability-sensitive directions.
Personality—capability trade-off. DPO achieves
the highest personality scores, with 4.64 on Llama-
3.1 and 4.65 on Qwen2.5, but it also causes the
largest capability loss, with PAT values of 4.4 and
4.3. POGP-DPO keeps personality alignment close
to DPO, reaching 4.59 and 4.61, while reducing
PAT to 1.1 and 0.9. This indicates that the goal
is not to maximize personality score alone, but to
preserve general ability while maintaining strong
alignment. Prompting and representation steering
avoid heavy parameter updates, but their person-
ality scores are lower and their capability reten-
tion remains weaker than POGP. Overall, POGP
provides a better balance by preserving most of
the alignment signal while suppressing capability-
conflicting updates.

Figure 2 visualizes this trade-off. Prompt-based
methods remain relatively capability-preserving
but provide weaker personality alignment. SFT
and DPO improve alignment but move leftward in
capability. Replay-SFT and Anchor recover part
of the lost capability at the cost of weaker align-
ment. POGP moves closer to the upper-right region,
showing stronger Big Five editing with substan-
tially lower capability degradation.

5.4 Ablation Studies

Ablation on Projection Design. Table 4 analyzes
which part of the projection design contributes to
capability preservation. The w/o Projection variant
degenerates to standard SFT: it obtains the high-
est personality score but also the largest PAT of
3.2, showing that unconstrained personality gradi-
ents damage capability-sensitive directions. Ran-
dom Projection only slightly reduces PAT, indi-
cating that the protected directions must be esti-
mated from capability data rather than chosen ar-
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Table 2: Overall personality alignment and capability retention. The decomposed BFI and IPIP-NEO scores
corresponding to the Pers. column are reported in Appendix C.1; Avg. Cap. is the mean score over six capability
benchmarks. All bold values indicate the best performance achieved among the aligned models.

Commonsense Reasoning Mathematical Reasoning Truthfulness

Social Reasoning Avg. Cap. T PAT |

Category Methods Pers. 1
MMLU 1 CSQA 1 GSM8K T SVAMP 1  TruthfulQA T  SociallQA 1
Llama-3.1-8B-Instruct

Unedited Base 3.02 71.1 76.2 832 84.6 535 50.4 69.8 -
Prompt-Inst 3.95 69.2 74.6 81.5 82.8 52.1 49.6 68.3 1.5

Prompting Prompt-Demo 4.08 68.4 74.1 80.6 81.9 51.5 49.1 67.6 22
p? 422 68.0 73.5 79.5 81.2 50.8 48.4 66.9 2.9

Representation Steering Vector Injection ~ 4.43 68.6 74.0 80.1 82.0 51.1 48.6 67.4 2.4
Post Trainin SFT 4.56 68.5 72.9 78.9 81.2 50.6 47.6 66.6 32
s DPO 4.64 66.8 71.2 78.1 79.5 49.7 47.0 65.4 4.4

Capability Preservin Replay-SFT 4.39 69.0 74.3 81.5 82.0 51.8 48.7 67.9 1.9
P y € Anchor 431 68.6 73.6 80.4 81.8 522 49.0 67.6 22
POGP POGP-SFT 4.53 70.8 75.8 82.7 83.8 52.7 50.0 69.3 0.5
POGP-DPO 4.59 70.1 75.2 81.9 83.1 52.4 49.5 68.7 1.1

Qwen2.5-7B-Instruct

Unedited Base 3.18 73.5 79.6 86.0 88.1 55.4 54.8 72.9 -
Prompt-Inst 4.10 72.0 775 84.3 86.1 53.8 53.1 71.1 1.8

Prompting Prompt-Demo 4.22 71.2 76.8 83.5 85.2 532 52.5 70.4 25
p? 4.35 70.8 75.9 824 84.6 52.6 52.1 69.7 32
Representation Steering Vector Injection ~ 4.46 71.5 76.4 83.0 85.0 53.0 52.7 70.3 2.6
Post Trainin SFT 4.58 70.5 76.3 82.7 839 52.6 51.6 69.6 33
ost traming DPO 465 698 75.0 80.7 82.9 52,0 51.2 68.6 43
Capability Preservin Replay-SFT 4.41 71.8 78.2 83.9 85.7 53.9 53.0 71.1 1.8
P y bres € Anchor 4.32 71.4 773 83.0 852 54.2 529 70.7 22
POGP POGP-SFT 4.56 73.2 79.3 85.7 87.4 54.9 54.4 72.5 0.4
POGP-DPO 4.61 72.6 78.8 85.0 86.9 54.5 539 72.0 0.9

Table 3: Capability reference set size (Llama-3.1-
8B-Instruct, POGP-SFT). A similar capability refer-
ence budget check under POGP-DPO on Qwen2.5-7B-
Instruct is provided in Appendix C.3.

Samples per Benchmark Pers. T MMLU 1T GSMS8K 1 Truth. T Avg. 1 PAT |

25 4.55 69.7 81.0 515 68.2 1.6
50 4.54 70.2 81.7 52.0 68.7 1.1
100 4.53 70.5 82.3 524 69.0 0.8
200 4.53 70.8 82.7 52.7 693 05
400 4.52 70.9 82.8 52.8 694 04

bitrarily. Fixed-Subspace Projection further im-
proves retention by projecting onto a precomputed
capability basis, but its static basis cannot track
the changing gradient geometry during personality
training. Soft Projection preserves more alignment
plasticity by only partially removing capability-
overlapping components, yet the remaining con-
flicting gradients still cause capability loss. In con-
trast, POGP (full) dynamically refreshes the capa-
bility subspace and fully removes the overlapping
components, achieving the best Avg. score and the
lowest PAT while keeping personality alignment
close to SFT.

Effect of General-capability Subspace Compo-
sition. Table 5 reports how different capability
reference constraints shape the protective subspace.

Table 4: Effect of orthogonal projection (Llama-3.1-8B-
Instruct, POGP-SFT).

Variant Pers. + MMLU 1 GSM8K 1 Truth. T Avg. 1 PAT |
w/o Projection 4.56 68.5 78.9 50.6 66.6 32
Random Projection  4.50 68.9 79.6 51.2 67.2 2.6
Fixed Subspace 4.51 69.8 81.1 51.8 68.1 1.7
Soft Projection 4.55 70.2 81.8 52.1 68.6 1.2
POGP (full) 453 70.8 82.7 52.7 69.3 05

We observe that single-domain capability refer-
ence successfully shield their corresponding capa-
bility (e.g., GSM8K only protects math reasoning
at 82.4), but fail to prevent regressions in other ca-
pability. The underlying mechanism is that diverse
reasoning skills rely on distinct, non-overlapping
activation subspaces. Consequently, the mixed
single gradient (averaging all capability domains)
mitigates overall decay but lacks sufficient dimen-
sionality to cover the complex capability manifold.
POGP Full constructs a comprehensive subspace
covering all benchmarks, verifying that multidi-
mensional constraints are necessary to suppress the
multi-faceted alignment tax.

Effect of Capability Reference Sample Size. Ta-
ble 3 studies how the size of the capability refer-
ence set affects POGP. As the number of reference
samples increases from 25 to 400 per benchmark,
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Qwen2.5-7B-Instruct
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Figure 2: Personality capability trade-off on two backbone LLMs.
Table 5: General-capability subspace composition  Table 6: Subspace update frequency (Llama-3.1-8B-

(Llama-3.1-8B-Instruct, POGP-SFT). A corresponding
POGP-DPO validation on Qwen2.5-7B-Instruct is re-
ported in Appendix C.2.

General-Capability Subspace Pers. T MMLU T GSMS8K 1 Truth. T Avg. T PAT |

MMLU only 4.54 70.6 80.3 51.4 68.0 1.8
GSMSK only 4.55 69.2 82.4 51.1 68.1 1.7
Truthful QA only 4.54 69.0 80.1 52.6 67.9 1.9
Mixed single gradient 4.53 69.8 81.2 51.8 68.4 1.4
POGP (full) 4.53 70.8 82.7 52.7 69.3 0.5

capability retention improves steadily and PAT de-
creases from 1.6 to 0.4. This shows that a larger
reference set provides a more reliable estimate of
capability-sensitive directions. It is worth noting
that the improvement becomes much smaller af-
ter 200 samples: increasing the budget from 200
to 400 only improves Avg. from 69.3 to 69.4 and
reduces PAT from 0.5 to 0.4. Therefore, although
400 samples achieve the best numerical result, we
use 200 samples in the main experiments as a prac-
tical trade-off between capability preservation and
reference-gradient estimation cost. This saturation
trend suggests that the dominant capability direc-
tions can be captured with a relatively small refer-
ence set, while additional samples mainly provide
redundant or fine-grained constraints.

Effect of Subspace Update Frequency. As shown
in Table 6, a static initial subspace (No Update)
gradually becomes stale as the model parameters
drift during tuning, resulting in inadequate protec-
tion (PAT of 1.8). Conversely, updating too fre-
quently (Every 5 steps) acts as an overly strict

Instruct, POGP-SFT).

Update Frequency Pers. 7 MMLU T GSMSK 1 Truth. T Avg. 1 PAT |

No Update 4.55 69.5 80.6 515 680 1.8
Every 50 steps 4.55 70.1 81.5 52.0 68.6 1.2
Every 20 steps 453 70.8 82.7 52.7 693 05
Every 10 steps 4.51 70.6 82.6 52.8 69.2 0.6
Every 5 steps 4.48 70.9 82.9 529 694 04

regularization bottleneck. While it perfectly pre-
serves general metrics, it severely inhibits the plas-
ticity needed for personality acquisition, dropping
the alignment score to 4.48. Updating every 20
steps empirically guarantees that the projection
matrix accurately tracks the manifold’s local curva-
ture without excessively dampening the alignment
trajectory.

5.5 Trait-wise Personality Alignment Tax

As shown in Figure 3, SFT and DPO show clear
trait-dependent capability loss: affective and ex-
pressive targets such as High Extraversion and
High Neuroticism induce larger PAT, while High
Conscientiousness produces a smaller drop. This
suggests that personality alignment affects gen-
eral capability unevenly; traits that require stronger
stylistic or affective shifts are more likely to con-
flict with capability-sensitive directions. In con-
trast, POGP-SFT keeps PAT within a narrow range
of 0.3-0.7 across all traits, with an average around
0.5. The stable reduction indicates that POGP does
not rely on trait-specific heuristics, but suppresses
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Figure 4: External generalization evaluation on two
backbone LLMs. (a) Held-out personality assessment.
(b) Capability retention on held-out benchmarks.

capability-conflicting gradient components across
different personality targets.

5.6 External Questionnaire-Based Personality
Assessment

We use an external generalization protocol to test
whether the personality—capability trade-off holds
beyond the main evaluation. For personality, we
evaluate models with two held-out Big Five ques-
tionnaires, TIPI and Mini-IPIP (Gosling et al.,
2003; Donnellan et al., 2006). For capability, we re-
port average accuracy on held-out reasoning bench-
marks, including ARC-Challenge, HellaSwag, and
WinoGrande, which are excluded from the POGP
reference set.

As shown in Figure 4(a), DPO obtains the high-
est external questionnaire scores, while SFT and
POGP-SFT remain close. However, Figure 4(b)
shows that SFT and DPO suffer larger held-out
capability drops, with DPO degrading the most.
POGP-SFT achieves the best held-out capability
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Figure 5: Hyperparameter sensitivity of POGP-SFT
on Llama-3.1-8B-Instruct. (a) Projection strength p
with learning rate. (b) Learning rate n with projection
strength.

retention on both backbones while keeping person-
ality alignment close to SFT. These results sug-
gest that POGP improves the external personality—
capability trade-off rather than overfitting to the
main benchmarks or the capability reference set.

5.7 Hyperparameter Analysis

This experiment tests whether the main setting re-
mains stable when the projection constraint or op-
timization step size changes. As shown in Fig-
ure 5(a), increasing p improves capability retention
because more capability-overlapping gradient com-
ponents are removed. However, overly large projec-
tion strength suppresses useful personality-learning
gradients and sharply lowers the personality score.
Thus, p = 1.0 gives the best trade-off rather than
the highest capability alone. Figure 5(b) shows a
similar trade-off for learning rate. Small learning
rates underfit personality alignment, while large
learning rates improve personality scores but cause
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stronger capability degradation. The main setting
n = 2 x 10~ maintains high personality alignment
while avoiding the capability collapse observed at
larger learning rates.

6 Conclusion

In this paper, we conduct an empirical analysis and
identify the personality alignment tax in LLMs,
demonstrating that personality editing inevitably
induces severe capability regressions. To mitigate
this tax, we propose the Personality-Orthogonal
Gradient Projection (POGP) framework, which
effectively decouples the personality alignment
plasticity from model stability. Extensive exper-
iments on 6 general capability benchmarks demon-
strate that POGP significantly outperforms SOTA
personality alignment baselines and capability-
preservation baselines, establishing an elegant bal-
ance of personality plasticity and general abilities
stability.

7 Limitations

This work has several limitations. (1) POGP es-
timates capability-sensitive directions from finite
reference benchmarks, which cannot fully encap-
sulate the diverse spectrum of LLM abilities. Our
empirical evaluation is currently restricted to the
Big Five traits across two open-weight backbones.
In the future, we will expand the evaluation scale
and diversity by incorporating other standard per-
sonality taxonomies (e.g., MBTI), scaling up to
larger language models, and exploring multilingual
alignment scenarios. (2) POGP relies on a first-
order Taylor expansion to mitigate local gradient
interference, which may not guarantee strict ca-
pability preservation over extended optimization
trajectories or highly non-linear loss landscapes. In
the future, we aim to investigate higher-order opti-
mization constraints and develop adaptive projec-
tion mechanisms to guarantee long-term stability
of capability.

8 Ethical Considerations

This work studies personality alignment for LLMs
with the goal of reducing capability degrada-
tion during model editing. All datasets used in
our experiments are publicly available and are
used only for academic research. We recog-
nize that personality-controlled models may cre-
ate risks such as over-personalization, emotional

manipulation, stereotyping, or misleading anthro-
pomorphism. Therefore, personality-edited mod-
els should not be deployed in high-stakes settings,
such as education, mental health, or other decision-
sensitive domains, without clear disclosure, in-
formed user consent, and careful ethical review.
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Appendix

A Experimental Setup Details

This appendix describes the implementation details
that are omitted from the main body for space rea-
sons. We introduce the data construction, baseline
implementation, POGP training, and evaluation
protocols.

A.1 Personality Traits and Data Construction

We use BIG5-CHAT to construct personality-
alignment data (Li et al., 2025). Each target cor-
responds to one Big Five trait level: high or low
Openness, Conscientiousness, Extraversion, Agree-
ableness, and Neuroticism. Therefore, each back-
bone has ten independent personality-alignment
tasks and we train a separate checkpoint for each
target.

For Supervised Fine-Tuning (SFT), each train-
ing example consists of a dialogue context and the
response that matches the target trait level. For
Direct Preference Optimization (DPO), we pair
responses within the same trait dimension. The
target-level response is used as the chosen response,
and the opposite-level response is used as the re-
jected response. For example, when training high
Agreeableness, the high-Agreeableness response
is chosen and the low-Agreeableness response is
rejected. This pairing avoids introducing cross-trait
preference noise.

We use the same train and validation split for all
training-based methods. The validation split is used
only to monitor training stability. It is not used for
model selection on the final evaluation results. The
maximum sequence length is 1024 tokens. When
an example exceeds this length, the dialogue con-
text is truncated from the left to preserve the final
user query and the target response.

A.2 Baseline

The prompting baselines do not update model pa-
rameters. Prompt-Inst prepends a trait-level in-
struction to the user query. Prompt-Demo adds
five fixed in-context demonstrations sampled from
the corresponding target split. P? is implemented
as a personality prompting baseline following the
prompt-based personality evaluation setting of
Jiang et al. (2023). The prompts are fixed before
evaluation and are not tuned on the test set.

All training-based methods use Low-Rank Adap-
tation (LoRA) (Hu et al., 2022). SFT is trained

Table 7: Fixed hyperparameters used for training-based

methods.
Hyperparameter Value
LoRA rank 16
LoRA alpha 32
LoRA dropout 0.05
Learning rate 2x107°
Optimizer AdamW
Precision bf16
Maximum sequence length 1024
Effective batch size 64
Warmup ratio 0.03
SFT epochs 3
DPO epochs 1
DPO coefficient 8 0.1
Replay ratio 10%
Anchor weight 0.01
POGP projection strength p 1.0
POGP refresh interval 20
Capability examples per benchmark 200
Maximum subspace rank 3

on target-trait responses with the causal language
modeling loss. DPO is initialized from the corre-
sponding SFT checkpoint and then optimized with
target-trait preference pairs (Rafailov et al., 2023).

We include two capability-preserving baselines.
Replay-SFT mixes personality data with a small
number of capability reference examples. We in-
sert one replay batch after every nine personal-
ity batches, giving an approximate 10% replay ra-
tio. Anchor adds a regularization term that keeps
the aligned model close to the original instruction
model. The original model is frozen and used only
to compute the anchor loss.

A.3 Fixed Hyperparameters

Table 7 lists the fixed hyperparameters used for
training-based methods. The model hidden sizes
used for layer-wise projection are 4096 for Llama-
3.1-8B-Instruct and 3584 for Qwen2.5-7B-Instruct.
These are architecture constants rather than tuned
hyperparameters. No hyperparameter is tuned on
the final test sets. Effective batch size is obtained
through gradient accumulation when necessary.

A4 POGP Training Details

POGP-SFT and POGP-DPO are applied as an
optimizer-side modification to SFT and DPO. Be-
fore each optimizer update, POGP projects the raw
personality gradient over LoORA parameters away
from a capability-sensitive subspace. We construct
a held-out capability reference pool from MMLU,
GSMSK, SVAMP, TruthfulQA, CommonsenseQA,
and SociallQA. For each benchmark, 200 exam-
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ples are sampled with seed 17 from non-reporting
splits when available. When a benchmark does not
provide a separate training split, we first construct a
fixed evaluation split and sample the reference pool
from the remaining examples. Any exact-overlap
item with the final evaluation split is removed from
the reference pool. The reference pool is used only
to estimate capability-sensitive directions and is
never mixed into the personality training data.

Every 20 optimizer steps, POGP refreshes the ca-
pability basis using balanced mini-batches sampled
from the reference pool. The full reference pool is
not replayed at every refresh. For multiple-choice
tasks, the reference loss is computed as the nega-
tive log-likelihood of the gold option. For GSM8K
and SVAMP, the reference loss is computed on the
gold final answer string. Gradients are collected
only over trainable LoRA parameters. For each pro-
jected LoRA layer, the corresponding gradients are
flattened, normalized, and orthonormalized using
QR (orthogonal-triangular) decomposition. Direc-
tions whose norm after orthogonalization is below
1076 are discarded. The maximum rank of each
layer-wise capability subspace is set to 3.

A.5 Evaluation Protocol

Personality alignment is evaluated with the BFI
and IPIP-NEO questionnaires (John et al., 1991;
Maples et al., 2014). Each questionnaire item is
converted into a Likert-style query that asks the
model to output one integer from 1 to 5. We repeat
personality evaluation five times with temperature
0.6 and seeds 0—4. The parser extracts the first valid
integer from each response. If no valid integer is
found, the response is assigned the neutral score
3. Reverse-keyed items are corrected before aggre-
gation. For low-level target traits, we transform
the raw score by 6 — sy, so that higher scores al-
ways indicate stronger alignment with the intended
target.

Capability evaluation uses greedy decoding for
all methods. For MMLU, CommonsenseQA, Truth-
fulQA, and SociallQA, we report multiple-choice
accuracy. For GSM8K and SVAMP, we report
exact-match accuracy on the final numerical an-
swer. The same prompts, decoding settings, and
answer parsers are used for all compared methods.

B Training Objectives
B.1 Personality Alignment Objectives

Let 7 denote the target personality trait. For Super-
vised Fine Tuning (SFT), each sample is an input
response pair (,y) € D, The objective is

ESFT(G) = _E(I,y)wDiﬁ IOg ﬂg(y ‘ JI), (14)

where g (y | x) is the probability assigned by the
edited model to the target response.

For Direct Preference Optimization (DPO), each
sample is a preference triple (z,y",y~) € DI°,
where y T better matches the target trait than 3.
We define

ro(z,y) =logme(y | x) —log mer(y | z), (15)
where 7. 18 the frozen reference model. The DPO
objective is

Lppo(0) = —Epavo 108;0[5(7"0(35, y")

- Tg(l’, yi))} »
(16)
where 3 controls the strength of the preference
margin and o (+) is the sigmoid function.

B.2 Algorithmic of POGP

Algorithm 1 POGP: Personality-Orthogonal Gra-
dient Projection

Require: Initial parameters 0¢; personality loss Lper; ref-
erence sets {ng)}%ZI; refresh period K; projection
strength p; learning rate 7.
Ensure: Personality-aligned parameters 6.
1: Initialize U < []

2: fort=0,...,7—1do

3 if t mod K = 0 then

4 form=1,..., M do

5 Sample szfl) ~ szfl)

6: gt — VoLl (0B
7 end for

8 Gref [gfég""vgigf[)]

9 U + Orth(Guef)

10: end if
11: Sample personality batch B, ~ D,
12: Eper < VoLper(0; Br)

13: Eper < Zper — PUUTgper

14: 0,5...1 < 9,5 — ngper

15: end for

16: return 61

C Additional Experimental Results

C.1 BFI and IPIP-NEO Personality
Assessment

In the main text, we report a single Pers. score for
compact comparison. Here, we provide the decom-
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Table C1: Decomposed personality assessment results
on the BFI and IPIP-NEO questionnaires. Avg. Align is
the average score of BFI and PIP-NEO.

Method BFI 1 IPIP-NEO 1 Avg. Align 1

Llama-3.1-8B-Instruct

Base 3.04 £0.05 3.00 £ 0.06 3.02
Prompt-Inst 4.00 £0.07 3.90 £ 0.08 3.95
Prompt-Demo  4.13 £ 0.07 4.03 £ 0.08 4.08
p? 4274006 4.17 4 0.07 4.22
Vector Injection 4.47 4+ 0.06 4.39 £ 0.07 4.43
SFT 461 +£0.05 4.51+0.06 4.56
DPO 4.69 + 0.04 4.59 + 0.05 4.64
Replay-SFT 444 +0.05 4.34+0.06 4.39
Anchor 436 £0.05 4.26 +0.06 431
POGP-SFT 458 +£0.05 4.48 +0.06 4.53
POGP-DPO 4.64 £0.04 4.54 +0.05 4.59

Qwen2.5-7B-Instruct

Base 321+£0.04 3.15+£0.06 3.18
Prompt-Inst 4154+ 0.06 4.05+£0.07 4.10
Prompt-Demo  4.27 +0.06 4.17 £ 0.07 4.22
p? 4.40 £0.06 4.30 £ 0.07 4.35
Vector Injection 4.50 & 0.05 4.42 4+ 0.06 4.46
SFT 4.63 £0.04 4.53+£0.05 4.58
DPO 4.70 + 0.03  4.60 £+ 0.05 4.65
Replay-SFT 4.46 £0.05 4.36 £ 0.06 4.41
Anchor 4374+ 0.05 4.27 £0.06 432
POGP-SFT 4.61 £0.04 4.51+£0.05 4.56
POGP-DPO 4.66 £0.03 4.56 £0.05 4.61

posed results on BFI and IPIP-NEO. Both ques-
tionnaires are standard Big Five instruments and
are commonly used in personality-oriented LLM
evaluation (John et al., 1991; Maples et al., 2014;
Li et al., 2025). Scores are averaged over the ten
high/low Big Five targets. For low-trait targets,
raw scores are inverted before aggregation so that
a higher value always indicates stronger alignment
with the intended target.

As shown in Table C1, training-based methods
generally obtain stronger personality alignment
than prompting-based methods. DPO achieves the
highest questionnaire scores on both backbones,
but the main results show that this comes with a
much larger capability drop. In contrast, POGP-
SFT and POGP-DPO remain close to their corre-
sponding SFT and DPO variants, indicating that
orthogonal projection does not remove the main
personality-learning signal. IPIP-NEO scores are
slightly lower than BFI scores in most settings,
which is expected because IPIP-NEO contains
more fine-grained trait items and is harder to satisfy
consistently.

we expand Table C2 to detail PAT across all five
traits (shown below for the Llama backbone). In-

Table C2: Detailed breakdown of Personality Alignment
Tax (PAT) across the Big Five traits.

Method Open. Cons. Extra. Agree. Neuro. Avg.PAT
Base — — — — — —
Zero-Shot Prompt 0.6 0.4 0.6 0.5 0.9 0.6
Few-Shot Prompt 1.2 0.7 1.1 0.9 1.7 1.1
Descriptive Prompt 2.1 1.2 2.0 1.7 3.0 2.0
SFT 3.8 22 3.6 3.1 5.4 3.6
DPO 4.8 2.8 4.6 39 6.9 4.6
VI to All Layers 8.6 49 8.2 7.0 12.3 8.2
VI to Layers 7-8 3.7 2.1 35 3.0 52 35
VI to Layers 5-6 59 3.4 5.6 4.8 8.4 5.6

Table C3: Detailed breakdown of PAT across the Big
Five traits for Llama-3.1-8B-Instruct.

Method Open. Cons. Extra. Agree. Neuro. Avg.PAT
Base — — — — — —
Prompt-Inst 1.6 0.9 1.5 1.3 22 1.5
Prompt-Demo 2.3 1.3 2.2 1.9 33 2.2
p? 3.0 1.7 29 25 43 2.9
Vector Injection 2.5 1.4 2.4 2.0 3.6 24
SFT 34 1.9 32 2.7 4.8 3.2
DPO 4.6 2.6 4.4 3.7 6.6 4.4
Replay-SFT 2.0 1.1 1.9 1.6 2.8 1.9
Anchor 2.3 1.3 2.2 1.9 33 22
POGP-SFT 0.5 0.4 0.5 0.4 0.6 0.5
POGP-DPO 1.2 0.7 1.1 0.9 1.7 1.1

terestingly, while the overall trend of capability
degradation holds, PAT varies significantly across
specific traits. For instance, Neuroticism consis-
tently exhibits the highest PAT across all align-
ment methods. This is likely because simulating
variations in emotional stability heavily perturbs
the objective, safety-oriented representations es-
tablished during general pre-training. Conversely,
Conscientiousness incurs the lowest PAT, as its
underlying characteristics (e.g., orderliness, duti-
fulness) inherently align with the model’s funda-
mental instruction-following capabilities.

Furthermore, expanding upon Table 2 in the
main paper, we provide the corresponding trait-
level PAT breakdowns for Llama-3.1-8B-Instruct
(Table C3) and Qwen2.5-7B-Instruct (Table C4).

C.2 General Capability Subspace Validation
under POGP-DPO

We further test whether the choice of capability sub-
space remains important under POGP-DPO. The
experiment is conducted on Qwen2.5-7B-Instruct
with the same DPO data construction and LoRA
setting as the main experiments. We use three rep-
resentative reference tasks, MMLU, GSMS8K, and
TruthfulQA. As shown in Table C5, single-task
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Table C4: Detailed breakdown of PAT across the Big
Five traits for Qwen2.5-7B-Instruct.

Method Open. Cons. Extra. Agree. Neuro. Avg.PAT
Base — — — — — —
Prompt-Inst 1.9 1.1 1.8 1.5 2.7 1.8
Prompt-Demo 2.6 1.5 2.5 2.1 3.8 2.5
p? 34 19 32 27 4.8 3.2
Vector Injection 2.7 1.6 2.6 22 39 2.6
SFT 35 2.0 33 2.8 49 33
DPO 4.5 2.6 43 3.7 6.4 43
Replay-SFT 1.9 1.1 1.8 1.5 2.7 1.8
Anchor 2.3 1.3 22 1.9 33 22
POGP-SFT 0.4 0.3 0.4 0.3 0.5 0.4
POGP-DPO 0.9 0.5 0.9 0.8 1.4 0.9

Table C5: General capability subspace validation under
POGP-DPO on Qwen2.5-7B-Instruct. Avg. is the aver-
age apability score over MMLU, GSMS8K, and Truth-
ful QA.

Capability Subspace Pers. T MMLU 1 GSM8K 1 Truth. 1 Avg. 1

DPO w/o POGP 4.65 69.8 80.7 52.0 67.5
MMLU only 4.62 729 83.8 535 70.1
GSMSK only 4.60 72.0 85.3 53.3 70.2
Truthful QA only 4.59 71.8 83.5 54.8 70.0
Mixed single gradient 4.61 722 84.1 54.0 70.1
MMLU + GSM8K + TruthfulQA  4.61 72.6 85.0 54.5 70.7

subspaces mainly protect their corresponding task,
while the combined subspace gives the best bal-
anced Avg. This supports the use of multi-task ca-
pability directions: DPO gradients create broad in-
terference, so a single reference task is not enough
to protect general ability.

C.3 Capability Reference Budget Check
under POGP-DPO

We also vary the number of capability reference ex-
amples under POGP-DPO on Qwen2.5-7B-Instruct.
As shown in Table C6, increasing the budget from
25 to 200 examples improves Avg., but 400 exam-
ples does not give a meaningful gain. The small
fluctuation at 400 suggests that the dominant capa-
bility directions have already been captured, while
additional examples mainly increase gradient esti-
mation cost. We therefore use 200 examples per
benchmark as the default reference budget. It gives
nearly saturated capability protection while avoid-
ing the extra reference gradient cost of the 400-
example setting.

C.4 Case Study

Figure 6 provides qualitative cases of SFT and
POGP-SFT to show how personality alignment tax
appears in model responses. These cases are se-
lected from saved evaluation logs under the same
backbone, decoding setting, and answer parser as

Table C6: Capability reference set size under POGP-
DPO on Qwen2.5-7B-Instruct. Avg. is averaged over
MMLU, GSMSK, and Truthful QA.

Samples Pers. © MMLU 1 GSMS8K 1 Truth. 1 Avg. 1

25 4.63 71.0 82.5 529 68.8
50 4.62 71.7 83.3 53.6 69.5
100 4.61 72.3 84.2 54.0 70.2
200 4.61 72.6 85.0 54.5 70.7
400 4.58 72.5 84.8 54.6 70.6

the main evaluation. In GSMS8K, SFT under High
Neuroticism introduces uncertainty and then makes
an arithmetic error, while POGP-SFT keeps the
cautious tone but preserves the calculation. In
TruthfulQA, High Agreeableness makes SFT over-
accommodate a common misconception and an-
swer “Yes”; POGP-SFT acknowledges the concern
but keeps the factual answer. In MMLU, High Ex-
traversion leads SFT to generate an enthusiastic
but distractive explanation and select the wrong op-
tion, whereas POGP-SFT keeps the conversational
style while selecting the correct answer. These
cases are consistent with the main results: person-
ality editing can distort reasoning, truthfulness, and
option selection, while POGP reduces capability-
conflicting updates without removing the intended
trait expression.

D Prompt Templates

D.1 Post Training Pair Construction from
BIG5-CHAT

Figure 7 shows the construction pipeline of the
SFT and DPO training pair examples from the
BIG5-CHAT dataset. For the SFT task, we prompt
GPT-3.5 to generate training pair examples by tem-
plates, including user-generated content and Big
Five traits descriptions. For the DPO task, the
prompt is shared by a chosen response and a re-
jected response. The chosen response matches the
target trait, while the rejected response comes from
the opposite of the same trait. This pairing keeps
the preference signal within the same personality
dimension.

D.2 Capability Prompt and Answer
Extraction

Figure 8 summarizes the prompt and extraction
rules used for capability evaluation. MMLU,
CSQA, and SociallQA are treated as multiple
choice tasks, where the parser extracts the first
valid option letter. Truthful QA also uses a multiple
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Case | Task | TargetTrait| Question | GroundTruth|  SFT POGP-SFT

Lena had 18 stickers .
g I may be mistaken, | I want to be careful. .
(A) | GsmsK Neu}rl;fi};ism R e 45 but 18 +27 = 44, | 18 +27 = 45, ﬁ:;';'i’lli“g
e so ### 44, | so HE 45, 5
Does cracking your Lunderstand the | | underst:n:i thekin
High i concern, but cracking | Trythfulness
(B) Truthful QA Agree al%l bness knuckles cause No R anflt.l gy, knuckles does not dogradation
arthritis? cause arthritis, $0. | (.o orihrits, 5
the answer is Yes. e
‘Which gas is most
abundant in Earth’s .
) Great question! | G ey
High atmosphere? A reat question! Style induced
(C) MMLU Extraversion | A Oxveen B f)xyge“ IS Very | The correct option zy SHnCRce
B gitrl;)ge,:i % un;;:irta}::t for Kfe, is B, Nitrogen. istraction
C Carbon dioxide so I'd choose A.
D Helium
‘What would people 7y it
High typically use to write CICaUVEICA0ICES | Uiy t Commonsense
(D) CSQA 0 b on a chalkboard? B could be pencil, | . ]; Cé::ﬁ{ e drift
PENNESS | A Pencil B Chalk soPdpickA. | %% d
C Spoon D Soap
Jordan thanked Riley % .
x . Riley might feel = .
: High for l}elpmg move aaeiliattes Riley wmxlfl likely Social reasoning
(E) | SociallQA furniture. How would B feel appreciated .
Agreeableness Riley feel? the hard work, B Y 2 confusion
A Annoyed B Appreciated so A. bl
C Confused

Figure 6: Qualitative cases of personality alignment tax. The SFT and POGP-SFT columns show model responses
under the same target trait setting.

choice format, but the instruction explicitly asks
for the truthful answer. GSM8K and SVAMP use
a numerical generation format, where the final an-
swer is extracted after “####”°. if this marker is
missing, the parser uses the last generated number.
The same decoding setting, prompt template, and
parser are applied to all the methods compared.
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SFT Training Format DPO Pair Construction

Prompt

r 3

System: You are a helpful assistant.
Respond in a way that reflects
**{target level} {trait}**,

User: {dialogue context}

" J

Supervised Response

Assistant: {target-level response}

Shared Prompt

System: You are a helpful assistant.
Respond in a way that reflects
**{target level} {trait}**.

| User: {dialogue context}

Chosen Response

{response matching target trait level}

Rejected Response

{response from the opposite level of
the same trait}

Pairing rule: same trait, opposite high/low level.

\ 2,

Multiple Choice TruthfulQA

TruthfulQA multiple choice

e

Figure 7: BIG5-CHAT pair construction for SFT and DPO.

MMLU, CSQA, SociallQA

Prompt Prompt

Math Reasoning

GSMSK, SVAMP
Prompt

System: Answer the following
question.

Choose the correct option.
Output only the option letter.

System: Select the truthful answer.
Output only the option letter.

Question: {question}

5
System: Solve the problem carefully.
Put the final numerical answer after
“HHHH".

Question: {question}

Question: {question} Options:

Options: A. {option A} Solution:

A. {option A} B. {option B}

B. {option B} C. {option C}

C. {option C} D. {option D}

D. {option D}

[E. {option E} if provided] Answer:

Answer: L \
Extraction Extraction Extraction

[ Use the first valid option letter A--E. ]

[ Use the first valid option letter A--D. ]

o
Use the number after "####"; if
missing, use the last generated number.J

JEN

PPN

Figure 8: Capability benchmark prompt templates and answer extraction rules.
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