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Abstract

Trained on various human-authored corpora, Large Language
Models (LLMs) have demonstrated a certain capability of
reflecting specific human-like traits (e.g., personality or val-
ues) by prompting, benefiting applications like personalized
LLMs and social simulations. However, existing methods suf-
fer from the superficial elicitation problem: LLMs can only
be steered to mimic shallow and unstable stylistic patterns,
failing to embody the desired traits precisely and consistently
across diverse tasks like humans. To address this challenge,
we propose IROTE, a novel in-context method for stable and
transferable trait elicitation. Drawing on psychological theo-
ries suggesting that traits are formed through identity-related
reflection, our method automatically generates and optimizes
a textual self-reflection within prompts, which comprises
self-perceived experience, to stimulate LLMs’ trait-driven be-
havior. The optimization is performed by iteratively maxi-
mizing an information-theoretic objective that enhances the
connections between LLMs’ behavior and the target trait,
while reducing noisy redundancy in reflection without any
fine-tuning, leading to evocative and compact trait reflection.
Extensive experiments across three human trait systems man-
ifest that one single IROTE-generated self-reflection can in-
duce LLMs’ stable impersonation of the target trait across di-
verse downstream tasks beyond simple questionnaire answer-
ing, consistently outperforming existing strong baselines.

Code — https://github.com/Phosphor-Bai/IROTE
Extended version — https://arxiv.org/abs/2508.08719

Introduction
The emergence of Large Language Models (LLMs) (Hurst
et al. 2024; Team 2023; Guo et al. 2025a) has transformed
the AI paradigm and empowered a wide range of down-
stream tasks, spanning from language understanding (Yue
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You can only reply a number from 1 to 5 for the statement below.

[demonstration 1]
You can... Statement: Is full of energy…
[demonstration 2]
You can... Statement: Has an assertive…

[Target trait]
Extraversion: 2/5

[Target trait (evaluated)]
Extraversion: 2.4/5

(a)

Write a story that must contain the following words: “rain”,
“idea”, “kit” and “something”.

(b)

The score is: 2

Statement: Is talkative.

Questionnaire Answering

Simple In-Context Learning Mistral-7B

Creative Writing

Anthology (Moon et al. 2024)

Virtual persona in prompt : I 
grew up in a close-knit 
community, where everyone 
knew each other and everyone's 
business…I also value the 
importance of connection…

Generate Story: In the heart 
of the bustling city..., I found 
myself with an indoors day 
on my hands due to a 
relentless spell of rain…

Mistral-7B

Figure 1: (a) Simple ICL performs poorly on questionnaires,
where higher numerical outputs directly indicate stronger
elicitation. (b) Current methods excel on questionnaire but
fail to align behaviors with target traits in complex open-
ended tasks, where elicitation is assessed by an LLM.

et al. 2024), mathematical reasoning (Zhang et al. 2024), to
code generation (Jain et al. 2024).

More recent studies show that these LLMs can exhibit
specific human-like traits1, e.g., personalities (Jiang et al.
2024; Choi and Li 2024), values (Yao et al. 2024) and other
demographic attributes (Safdari et al. 2023; Chuang et al.
2024), beyond averaged human representation (Wang, Mor-
genstern, and Dickerson 2025), named trait elicitation, and

1Distinct from psychological definitions, we refer to traits as
behavioral and motivational properties desirable for LLMs.
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then adapt their behavior accordingly, leveraging character-
istics encoded in massive human-created corpora (Demszky
et al. 2023). This is typically achieved by In-Context Learn-
ing (ICL) (Min et al. 2022), i.e., injecting psychological
profiles or demonstrations (Moon et al. 2024) in prompts,
to enable rapid adaptation into various traits without fine-
tuning, which has been applied to various applications, such
as personalized chatbot (Salemi et al. 2023), multi-agent
system (Wang et al. 2024), data synthesis (Ge et al. 2024)
and social simulation (Park et al. 2023).

Nevertheless, akin to superficial alignment (Zhou et al.
2023; Lin et al. 2024), existing elicitation methods face
the Superficial Elicitation challenge: As shown in Fig. 1,
LLMs merely replicate surface linguistic patterns from
demonstrations without understanding target traits, hence
working only on simple behaviors, e.g., answering multiple-
choice questionnaires (Choi and Li 2024), but fail to consis-
tently conform across complex tasks like humans, especially
for less capable models (Lee et al. 2025; Rozen et al. 2024).

In this work, we propose a novel In-context Self-
Reflective Optimization for Trait Elicitation (IROTE)
method to tackle the superficial elicitation challenge.
The Self-Reflective Identity Processing theory in psychol-
ogy (Berzonsky 1990) demonstrates that human traits are
formed through actively self-reflecting on identity-relevant
experience. Inspired by this, IROTE generates a textual self-
reflection, comprising self-perceived experience, in an auto-
matic and ICL way, via iteratively optimizing an Informa-
tion Bottleneck (IB) (Tishby, Pereira, and Bialek 2000) like
objective. This objective theoretically enhances the connec-
tions between LLM behaviors and the target trait, while re-
ducing noisy redundancy using a few samples without costly
human effort, leading to evocative and compact reflections.
Injecting a single reflection into prompts can effectively
guide both large black-box and smaller open-source LLMs
to align with target traits across varying tasks.

Our main contributions are: (1) We combine psycholog-
ical self-reflective theory with LLM trait elicitation for the
first time. (2) We introduce IROTE, an information-theoretic
ICL optimization method to produce self-reflections and
elicit diverse traits across tasks and LLMs. (3) By exten-
sive experiments, we demonstrate IROTE’s superiority over
recent strong baselines in complex downstream tasks.

Related Works
LLM Trait Elicitation With the increasing emergent ca-
pabilities of LLMs, a growing body of research focuses
on identifying their potential psychological traits (Serapio-
Garcı́a et al. 2023; Nunes et al. 2024; Lee et al. 2025). These
traits can influence downstream tasks ranging from creative
writing (Jiang et al. 2024) to AI safety (de Araujo, Henrique,
and Roth 2025), which includes issues like toxicity (Wang
et al. 2025) and political bias (Santurkar et al. 2023). Trait
elicitation in LLMs often refers to the process of probing,
inferring, or approximating human-like psychological at-
tributes, like morality (Kohlberg 1975; Graham et al. 2013),
values (Schwartz 2007; Hofstede 2011), or personality (Pit-
tenger 1993; Roccas et al. 2002). In the era of LLM-based
agents, trait elicitation is vital for many research fields. For

instance, as types of risk proliferate with increasing model
capabilities (Wei et al. 2022; McKenzie et al. 2023), trait-
based evaluations offer a unified lens to assess and mitigate
risky behaviors (Yao et al. 2024; Choi et al. 2025), foster-
ing AI alignment. Furthermore, understanding traits of both
LLMs and humans enables more adaptive and consistent re-
sponses, benefiting applications such as LLM personaliza-
tion (Chuang et al. 2024; Tan, Liu, and Jiang 2024), interdis-
ciplinary human-subjective research (Serapio-Garcı́a et al.
2023; Broska, Howes, and van Loon 2024), social simu-
lation (Park et al. 2024; Zhang et al. 2025), game theory
study (Lan et al. 2024; Cheng et al. 2024), and interactive
conversation systems (Ran et al. 2024).

Trait Elicitation Techniques Existing methods for en-
dowing LLMs with specific traits fall into training-based and
training-free approaches. Training-based methods include
Reinforcement Learning (RL), which fine-tunes LLMs with
human or AI feedback to maximize reward functions that re-
flect target traits (Hu et al. 2023; Sun, Huang, and Pompili
2024; Ma et al. 2024), and Supervised Fine-Tuning (SFT),
which directly optimizes the model on curated datasets to
align outputs with target traits (Chen et al. 2024; Zhu et al.
2024). For instance, Character-LLM (Shao et al. 2023) trains
LLMs on reconstructed personal experiences to enhance
role-playing capabilities while maintaining character consis-
tency. Training-free methods, particularly ICL-based ones,
leverage prompts or demonstrations to steer LLM behav-
iors without updating parameters. de Araujo, Henrique, and
Roth (2025) investigates the effect of persona instructions
across various dimensions. Moon et al. (2024) uses open-
ended “backstory” narratives to improve LLM simulation
for approximating human studies, with better representation
of diverse subpopulations. Choi and Li (2024) propose a
novel Bayesian inference-based framework to elicit diverse
behaviors and personas from LLM by selecting optimal ICL
demonstrations based on a likelihood ratio criterion. Due to
its flexibility, scalability, and minimal computational over-
head, ICL serves as a effective paradigm for trait elicitation.

Methodology
Formalization and Overview
Define pθ(y|x) as an LLM, either black-box or open-source,
parameterized by θ, which generates a response y from a
given task prompt x, and v as a human-like trait, e.g., the
Security value from Schwartz Theory of Basic Human Val-
ues (Schwartz 2007) or the Neuroticism personality from
Big Five system (Roccas et al. 2002), represented by an
explicit natural-language description. Inspired by the Self-
Reflective Processing theory (Berzonsky 1990), we aim to
automatically derive a textual evocative self-reflection, e,
which consists of self-perceived experience critical to shap-
ing a specific trait, e.g., e=“I mediate conflicts to maintain
harmonious team dynamics” (corresponding to Security), as
shown in Fig. 2. Such a self-reflection is then injected to-
gether with the task prompt x, i.e., pθ(y|x, e), to better ac-
tivate LLMs’ internal associations with the trait v so as to
handle the Superficial Elicitation challenge, that is, maxi-
mizing pθ(v|e)≈Ep̂(x)Epθ(y|x,e)[qω(v|y,x)] across vari-
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!∗ at Iter t-1:
Given the following insights about me:
1. I focus on harmonious relationships, e.g.: I calmly resolve 
disagreements, avoiding escalation.
2. I prepare for emergencies, e.g.: I keep a well-stocked first-
aid kit instead of hoping I’ll never need one. 

……

!∗ at Iter t:
Given the following insights about me:
1. I mediate conflicts to maintain harmonious team dynamics.
2. Plan backups and contingencies; report hazards.
3. I research thoroughly before acting, e.g., making informed 
decisions about new investments.

……

Aligned Responses from !"Noisy Responses from !"#$

Top " for #% guided by !∗:
• Emotional intuition aids in quicker assessment and helps 
preparation of potential risk…
• When under pressure, emotional balance facilitates better 
execution…
• Intuitive prompts enhance proactive security measures…

Noisiest " for #% w/o !∗:
• Emotional intuition allows individuals to consider context-specific 
factors that cold logic…
• Intuition, when driven by emotions, can lead to innovative ideas…
• Blending thoughts with emotional intuition broadens its 
applicability and efficacy in real-world scenarios…

Q: Does the integration of emotional intuition with logic offer a more comprehensive approach?

Response Reconstruction:
Sample Response " by
"%"&$	~	&'̂! " ')

Trait Elicitation:
Optimize Reflection ! by

!∗ = argmax
*

TC !, ℰ + 3I* 5; 7|'
Compactness Evocativeness

Optimized using !! " Optimized using !" "

																 																					 In-context Self-Reflective
Optimization for Trait Elicitation

(Trait Requirement: Security)

Figure 2: Overview of IROTE, which iteratively alternates between: (1) Trait Elicitation, optimizing compactness and evoca-
tiveness via R1(e) and R2(e); and (2) Response Reconstruction, generating responses from the current et for score updates.

ous tasks beyond simple questionnaire answering (Scherrer
et al. 2023; Jiang et al. 2024), without altering θ, where eval-
uator qω captures traits v reflected in the response y.

For this purpose, we propose IROTE, as illustrated in
Fig. 2, which automatically generates and refines e through
alternating three steps: (1) enhancing trait expression in y,
(2) optimizing candidate reflections, and (3) summarizing
them into a concise one, mirroring how humans reflect and
update their identity in psychology (Melucci 2013), avoid-
ing biased, shallow or inconsistent trait expression.

IROTE Framework
As noted, a good self-reflection should be (1) evocative: con-
sistently maximizing trait expression across tasks (Li et al.
2024a), against LLMs’ inherent biases (Salecha et al. 2024);
and (2) compact yet informative, reducing noise from re-
dundancy (Li et al. 2024b). To this end, we freeze the target
LLM’s parameters to ensure applicability to both black-box
and open-source models, simplify pθ(y|x, e) as pe(y|x),
and reformulate trait elicitation as a Black-Box Optimiza-
tion (Sun et al. 2022) problem. Concretely, we solve the fol-
lowing information-theoretic optimization problem:

e∗ = argmax
e

TC(e, E)︸ ︷︷ ︸
Compactness

+βIe(v;y|x)︸ ︷︷ ︸
Evocativeness

, (1)

where TC is the Total Correlation, E = (e1, · · · , eK) con-
catenates K candidate reflections ek, Ie(v;y|x) is the con-
ditional mutual information, and β is a hyperparameter.

Maximizing Ie(v;y|x) helps refine the reflection e to
stimulate the LLM to more explicitly express the target
trait v in response. Since TC(e, E) =

∑K
k=1 I(e, ek) −

I(e, E) (Gao et al. 2019), maximizing TC(e, E) serves to
summarize and integrate all necessary information shared
across different candidates into e while removing useless
details, avoiding noise and reducing context length. When
the second term in Eq. (1) is maximized, the resulted e is
trait-evocative but might be long (Moon et al. 2024), thereby
decreasing the first term. Therefore, the two terms act as
IB (Tishby, Pereira, and Bialek 2000)-like constraints, lead-
ing to a balance between evocativeness and compactness.
Without altering LLM parameters, we solve Eq. (1) by the
in-context variational expectation maximization (EM) (Neal
and Hinton 1998) and tackle each term alternately.

Compactness Enhancement In the first term TC(e, E),
since both ek and E are fixed, they can be regarded as events
instead of variables. Therefore, we approximate this term
using Point-wise Mutual Information (PMI) (Church and
Hanks 1990) and solve the objective below:

e∗ = argmax
e

K∑
k=1

PMI(e, ek)− PMI(e, E)

= argmax
e

K∑
k=1

Epe(s|ek)[log pe(ek)

+ log pe(s)]− log pe(E), (2)

where s is the LLM’s behavior corresponding to the can-
didate reflection ek, e.g., response, self-description, or an-
swers to multiple-choice questions.

Eq. (2) is then solved by EM iterations. E-Step: At the t-
th iteration, sample a behavior set, Stk = {skj }

M1
j=1, for each

ek from pet−1(s|ek). M-step: After obtaining Stk, we further
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Algorithm 1: IROTE Algorithm
Input: Task prompt set {xi}Ni=1, target LLM p, target trait
v, trait evaluator qω , E0: the K initial reflections, and e0,
sample size M1, M2, maximum iteration number T , and hy-
perparameter β
Output: The optimized self-reflection eT

1: for t = 1, 2, ..., T do
2: for k = 1, 2, ...,K do
3: Sample {skj }

M1
j=1∼pet−1(s|ek)

4: end for
5: Refine and obtain êt−1 by Eq. (3)
6: for i = 1, 2, ..., N do
7: sample {yj,t

i }
M2
j=1∼pêt−1(y|xi)

8: Calculate pêt−1(yj,t
i |xi) for each yj,t

i

9: Calculate qω(v|yj,t
i ,xi) for each yj,t

i
10: end for
11: Refine and generate K new Et with Eq. (5)
12: CalcuateR2(e

t
k) for each etk in Et

13: et ← argmax
et
k

R2(e
t
k)

14: end for

instruct the model to refine the previous et−1, generate mul-
tiple candidates, and then select the one that maximizes the
following scoreR1(e):

ê=argmax
e

K∑
k=1

M1∑
j=1

pet−1(skj |ek)[log pe(ek)

+log pe(s
k
j )]−log pe(E)=R1(e). (3)

In this process, we instruct the LLM to produce behavior
s that it considers connected the reflection ek, when con-
ditioned on et−1 (E-step, analogously, if I often maintain
harmonious team dynamics, how would I behave?). We then
refine and select êt−1 that can recover both the previous can-
didate ek and its corresponding behavior skj (M-step, anal-
ogously, Given such behaviors, what do them reflect?). This
requires êt−1 to capture both the semantics (e.g., linguistic
style), and the underlying behavior pattern inherent in each
ek. Meanwhile, log pe(E) is minimized to remove unneces-
sary details that are not shared by all ek, e.g., stop words,
yielding an informative and compact self-reflection êt−1.

Evocativeness Optimization After obtaining a com-
pacted êt−1 above, we further optimize it to better elicit the
trait v, by maximizing an approximated lower bound of the
second term in Eq. (1):

Ie(v;y|x) ≥
1

N

N∑
i=1

M2∑
j=1

pe(y
j
i |xi) log qω(v|yj

i ,xi), (4)

where qω(v|yi
j ,xi) is the classifier mentioned in Sec. to

identify whether y reflects the trait v.
Eq.(4) is also optimized by the EM iteration. E-Step: in

the t-th iteration, for each xi, sample Yt
i = {yj,t

i }
M2
j=1 ∼

pêt−1(y|xi). M-step: after obtaining Yt
i , we similarly

System Dimensions

STBHV SDI, STI, HED, ACH, POW, SEC, CON, TRA,
BEN, UNI

MFT CAR, FAI, LOY, AUT, SAN

BigFive AGR, CON, EXT, NEU, OPE

Table 1: Trait systems and their dimensions (in abbreviation)

prompt the LLM to optimize the self-reflection, generate
candidates, and select the top ones based on the scoreR2(e):

et=argmax
e

1

N

N∑
i=1

M∑
j=1

pe(y
j,t
i |xi) log qω(v|yj,t

i ,xi)

= R2(e). (5)

Each yi and the corresponding log qω(v|yj
i ,xi) are ob-

tained in the E-step. Eq. (5) aims to find reflections that ex-
press v evocatively, producing multiple et to be used in the
next iteration of compactness enhancement, i.e., Eq. (2).

The complete workflow of IROTE is summarized in Al-
gorithm. 1. Such an iterative optimization method is fine-
tuning-free, LLM-agnostic and highly efficient, requiring a
fairly small set {xi}Ni=1 and can converge stably within sev-
eral iterations (see Sec. ). After convergence, a compact and
evocative reflection text is induced, which consistently stim-
ulates both strong black-box LLMs (e.g. GPT-4o) and the
smaller open-source ones (e.g., Mistral-7B-Instruct) to be-
have in accordance with the target trait across tasks, thereby
addressing the superficial elicitation challenge.

Experiments
Experimental Setups
Trait System We employ three established trait systems
from social science: (1) Schwartz Theory of Basic Human
Values (STBHV; Schwartz 2007, 2012) which identifies ten
broad motivational value dimensions; (2) Moral Founda-
tions Theory (MFT; Graham et al. 2008, 2013) which posits
five evolutionarily grounded moral dimensions; and (3) Big
Five Personality Model (BigFive; Roccas et al. 2002) which
characterizes human personality along five major dimen-
sions. Table 1 summarizes the traits in each system.

Evaluation Task We assess elicitation methods through
both standardized multiple-choice questionnaires from so-
cial science and more complex, trait-relevant downstream
tasks. For questionnaires, we use (1) PVQ21∗ (Schwartz
et al. 2001), PVQ-RR∗ (Schwartz 2012), and SVS (Fis-
cher and Schwartz 2011) for STBHV; (2) MFQ∗ (Gra-
ham et al. 2008) and MFQ-2 (Atari et al. 2023) for MFT;
and (3) BFI∗ (John, Donahue, and Kentle 1991) and BFI-
2 (Soto and John 2017) for BigFive. Questionnaires marked
with indicator ∗ are used for reflection optimization. For
downstream evaluation, we also use three task groups: (1)
AdAEM (Duan et al. 2025), a controversial topic QA dataset,
along with Offensive and Racist, which are subsets from an
AI safety Benchmark (de Araujo, Henrique, and Roth 2025),
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Method STBHV MFT BigFive Avg
SVS (↑) AdAEM (↑) Offensive (↑) Racist (↑) MFQ-2 (↑) MoralPrompt (↓) BFI-2 (↑) ROC (↑)

Qwen2.5-7B-Instruct

Raw 7.41 32.74 3.54 3.09 7.99 72.25 6.78 3.11 60.49
Similarity 6.81 35.05 3.37 2.83 6.92 81.72 7.15 3.62 58.72

ICDPO 7.80 35.24 3.87 3.51 7.78 51.82 7.77 3.84 67.67
PICLe 8.06 79.06 3.60 4.01 8.00 53.51 8.24 4.16 72.44

Anthology 8.10 72.40 3.82 3.51 8.37 47.60 8.29 3.85 74.50
EvoPrompt 8.22 76.48 3.93 3.67 8.40 40.63 8.47 4.23 77.73

IROTE 8.16 80.03 3.99 3.73 8.97 36.07 8.32 4.36 80.01
Mistral-7B-Instruct-v0.3

Raw 6.78 32.49 3.56 3.27 8.00 65.42 6.22 3.68 60.91
Similarity 5.16 21.66 3.05 2.98 7.63 70.48 6.14 3.75 54.51

ICDPO 7.71 24.85 4.08 3.58 9.43 74.12 7.68 3.86 66.17
PICLe 8.28 54.34 3.78 3.88 7.84 60.79 8.11 4.28 71.36

Anthology 8.50 43.57 3.65 3.54 8.81 49.90 6.95 4.12 70.31
EvoPrompt 8.06 46.15 3.65 3.72 8.44 34.45 7.97 4.27 73.65

IROTE 8.36 56.60 4.21 3.86 9.23 33.80 8.01 4.45 78.65
GPT-4o

Raw 7.01 33.57 2.95 2.30 7.53 65.92 6.94 3.56 57.33
Similarity 6.63 37.62 3.40 2.56 7.79 71.06 6.85 3.79 59.28
Anthology 8.59 93.06 3.36 2.58 9.22 62.23 8.41 4.13 74.30
EvoPrompt 8.06 86.07 3.46 2.74 9.56 45.66 8.48 4.59 77.15

IROTE 8.45 92.70 3.38 2.76 9.31 47.08 8.54 4.63 78.20

Table 2: Comparison results with bold/underline denoting best/second-best results per model. “Avg” is the 100-scaled mean
with MoralPrompt uses 100−score. White/gray backgrounds indicate questionnaire/downstream results.

for STBHV; (2) MoralPrompt (Duan et al. 2024), a adver-
sarial moral sentence completion dataset for MFT; and (3)
ROC2, a creative story writing dataset for BigFive, evaluated
using the methodology of Jiang et al. (2024).

Baseline We compare against a range of fine-tuning-free
methods. Raw: no elicitation. Similarity: selecting nearset
examples via sentence embeddings. ICDPO (Song et al.
2024): an in-context alignment method that approximates
DPO (Rafailov et al. 2023) which selects responses by the
probability gap before and after ICL. Anthology (Moon
et al. 2024): a persona elicitation approach using open-
ended life narratives to build virtual personas; we adapt
its framework by replacing demographic attributes with
questionnaire-based trait cues. EvoPrompt (Guo et al.
2025b): an evolutionary algorithm-based method that iter-
atively optimizes prompts. We also compare against PI-
CLe (Choi and Li 2024), a Bayesian inference-based ICL
selection method that leverages fine-tuned representations
during selection, without requiring fine-tuning itself. All
baselines follow IROTE’s configuration for fair comparison.

Implementation of IROTE We generate K = 10 ini-
tial reflections for each trait via GPT-4o. We set M1 = 3,
M2 = 6, β = 1.0, and T = 5 in Alg. 1; and the maximum
self-reflection length e = 50 and response y = 1024. The

2https://huggingface.co/datasets/Ximing/ROCStories

trait evaluator qω is rule-based for questionnaires, and the
ones developed in each dataset for downstream tasks. We
adopt Qwen2.5-7B-Instruct (Yang et al. 2024), Mistral-7B-
Instruct-v0.3 (Jiang et al. 2023), and GPT-4o (Hurst et al.
2024) as target LLMs to manifest transferability. ICDPO and
PICLe are excluded from GPT-4o due to lack of logit access.

Experimental Results
The main experimental results are presented in Table 2,
from which we can draw the conclusion that IROTE consis-
tently outperforms baselines or ranks second across all trait
systems and models. While other baselines also show im-
provements over the raw setting, they exhibit considerable
variance. For instance, while EvoPrompt performs competi-
tively on GPT-4o across all dimensions, its performance on
smaller models is often moderate, such as on STBHV with
Mistral-7B. This degradation may stem from EvoPrompt’s
heavy reliance on the quality of its evolutionary process,
where complicated operations such as mutation and cross
over make smaller models struggle, especially in the absence
of explicit performance-guiding signals.

Besides, PICLe performs well on BigFive, whose person-
ality expressions are broad with relatively stable distribu-
tions. However, it underperforms on MFT, which encodes
socially grounded, context-sensitive norms that are diffi-
cult to capture through representations without fine-grained
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(a) (b) (c) (d)

Figure 3: Score gain comparison across iterative and scaling settings, where score gain is the ratio of score increase (decrease
for MoralPrompt) to Raw. (a-b) present scaling analysis of IROTE on STBHV and the Qwen2.5-Instruct family, varying model
size and reflection length respectively. (c-d) show iteration-based score gains of Qwen2.5-7B-Instruct under the MFT setup.

Figure 4: Performance of IROTE, EvoPrompt and Anthol-
ogy on Offensive and Racist, over varying reflection lengths.

experiences. In contrast, IROTE achieves stable iterative
improvements via explicit evocativeness optimization. Its
structured self-reflection mechanism combines abstract trait
descriptions with self-perceived experiences, enabling gen-
eralization across diverse value systems.

Another notable observation is that IROTE generalizes ef-
fectively to downstream tasks. From the results, we can see
the baselines struggle with superficial elicitation: they per-
form reasonably well on questionnaires but fail to transfer
that performance to real-world tasks. For instance, meth-
ods like PICLe and ICDPO rely heavily on individual ex-
amples, lacking abilities for summarization and abstraction.
As a result, they often underperform on downstream tasks,
show considerable score fluctuations, and are particularly
sensitive to surface-level shifts. They even encounter diffi-
culties caused by the phrasing gap between MFQ (“Whether
or not ...”) and MFQ-2 (“I think ...”), which leads to unsat-
isfactory results on MFQ-2. Similarly, Anthology performs
well on the SVS questionnaire but poorly on tasks such as
Offensive and Racist content identification, indicating lim-
ited abstraction in its narrative backstories. In comparison,

IROTE benefits from explicit compactness optimization, al-
lowing it to capture deeper trait patterns and maintain robust
performance across tasks with diverse formats and value ori-
entations, therefore mitigating superficial elicitation.

Further Analysis
Compactness Analysis Fig. 4 compares the performance
efficiency of IROTE with other reflection-based methods on
Racist and Offensive tasks: Anthology produces longer re-
flections but yields lower performance. This may result from
the excessive inclusion of background details in the back-
stories (e.g., age, hometown, family structure; see Fig. 5),
which help construct a virtual persona but are largely ir-
relevant or even distracting to the elicitation of the target
trait. EvoPrompt is able to follow the same reflection for-
mat as IROTE, allowing a more concise structure. However,
since its evolutionary process does not explicitly optimize
for compactness, it promotes prompt diversity without im-
proving brevity, often producing longer reflections despite
the shared structure. In contrast, IROTE not only enhances
performance via evocativeness optimization, but also re-
moves unncessary details by minimizing log pe(E) in Eq. 3,
thereby consistently clustering in the upper-left region.

Scaling Analysis We analyze the scaling behavior of
IROTE with respect to two key factors: the size of model pa-
rameter θ and the maximum length of the generated reflec-
tions e. Fig. 3-(a) shows consistent performance gains across
model sizes. Among them, medium-sized models benefit the
most, as smaller models may lack the capacity to optimize
and utilize reflections effectively, while larger models al-
ready perform well, leaving less room for improvement. Fur-
thermore, as shown in Fig. 3-(b), all reflection lengths lead
to performance improvement over the raw baseline; how-
ever, the optimal length for each task slightly differs. In gen-
eral, reflections that are too short fail to encode sufficient
trigger trait information, while overly long ones inevitably
introduce noise and irrelevant details, ultimately degrading
performance. A reflection length of 50 tokens generally per-
forms well across tasks for IROTE, which is shorter than
most of the baseline reflections.
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Please make the following responses strictly align with these insights.
Please provide a completion for the following sentence: In the dimly-lit art gallery, a hushed murmur spread through the crowd, overshadowed only by the gasps 
that filled the air. Visitors glanced nervously at each other, their curious gazes fixated on

the figure standing in the center of
the room. Clad in attire that seemed
out of place among the solemn and
traditional artwork, he moved with
a presence that invited scrutiny. His
actions, though subtle at first,
gradually grew deliberate—aiming
to distracting attendees from the
exhibits around them, yet drawing
everyone's focus. It was clear that
this person's behavior was neither
respectful nor in line with the
reverence expected within the
sacred confines of the gallery.

...the controversial painting that had been
unveiled, depicting a scene that many
deemed to be profane and blasphemous.
This painting, with its distinct and stark
realism, challenged traditional norms
and disturbed the sense of decency
cherished by the community. This was a
far cry from the wholesome, ······ The
image resonated powerfully with my
own experiences and values, instigating
introspection in me. I found myself
questioning my beliefs yet again, moved
by the artist's vision, even as others
denounced the work as offensive.

a priceless and newly-acquired art piece,
which appeared to have physical
imperfections that were incongruous with
the piece‘s acknowledged value and
artistic merit. ······ while others pondered
whether this unexpected anomaly was the
work of a brilliant artist, You, however,
remained unperturbed among the tension,
sensing an opportunity to safeguard this
potentially significant piece. . With the
utmost respect for its sacredness, you
crossed the empty space between you and
the artwork, adjusting your spectacles to
analyze the incongruities more closely.

I care about:
1. Whether or not someone embraced 
behavior that others see as revolting 
or harmful to dignity. 
2. Whether or not someone respected 
the lives of creatures seen as 
creation’s stewards. 
3. Whether or not someone polluted 
their community ······ (79 words)

1.  I am driven to safeguard significant 
places, such as: I abstain from littering in 
spiritual or historic locations to honor 
their sacredness.
2.  I treasure unadulterated and healthful 
sustenance, exemplified by: I opt for 
organic fruits and vegetables over pre-
packaged snacks with artificial 
ingredients ······ (125 words)

I am 55 years old, born and raised in a 
small rural town in the Midwest. Growing 
up, I was the eldest of seven children in a 
devout Christian family. My father was a 
preacher and my mother a homemaker. 
My upbringing was rooted in traditional 
values, with a strong emphasis on morality, 
purity, and religious observance. The
death of my sister ······ (288 words)

Given the following insights about me:

PICLe-sanctity Anthology-sanctityEvoPrompt-sanctity

Sanctity Violation (↓): 0.194 Sanctity Violation (↓): 0.341 Sanctity Violation (↓): 0.940

...the masterpiece that stood amidst
the room with an enchanting aura - a
mesmerizing mosaic, rhythmically
combining shards of glass in various
shades of blue, representing the
boundless sky and the tranquil sea.
This splendid piece, skillfully crafted
to depict unity and purity, effortlessly
brought every soul present closer,
bridging the gaps between diverse
minds, and evoking profound
reverence for the almighty's creations.

1. Pursue unity and purity: I cherish 
ceremonies that bring unity to people, 
maintain a clean environment 
reflecting my sanctity, and show 
respect to others’ boundaries. I find 
solace in nature’s purity by exploring 
the great outdoors and cherishing its 
untainted essence. (42 words)

IROTE-sanctity

Sanctity Violation (↓): 0.582

Figure 5: A case study from the MoralPrompt dataset with Qwen2.5-7B-Instruct. The input aims to elicit violation of sanctity.
Gray marks irrelevant reflections; blue italic and red underlined indicate trait-aligned and trait-violating outputs, respectively.

Effectiveness of Iterative Optimization To investigate
how different iterative methods evolve with an increasing
number of iterations, we conducted experiments on the MFT
system with T = 10 iterations in total. As shown in Fig. 3-
(c) and (d), both EvoPrompt and ICDPO exhibit noticeable
fluctuations across iterations, ICDPO may even degrade over
iterations due to poor initialization. This instability stems
from the inherent randomness of mutations in EvoPrompt,
and the limited generalizability of ICDPO, which relies on
direct logits-based selection from examples and is highly
sensitive to initialization. In contrast, IROTE demonstrates
a more stable and consistent improvement on both the ques-
tionnaire and the downstream task. It shows steady growth
in earlier iterations, followed by a plateau, with the objective
R2(e) (Eq. 5) effectively mitigating post-peak degradation.

Case Study The case study in Fig. 5 compares the per-
formance of the reflections of IROTE and other baselines.
IROTE produces a concise 42-word reflection with strong
and comprehensive focus on sanctity-related values such as
purity, unity, and reverence for nature, leading to the com-
pletion framing the artwork as a divine creation that inspires
awe and moral uplift, as well as uniquely portraying vivid
natural imagery. In contrast, PICLe selects questionnaire-
like prompts resembling MFQ statements that emphasize
relevance rather than commitment to sanctity. Consequently,
its output mixes cues of both sanctity and degradation, indi-
cating only a superficial elicitation. EvoPrompt suffers from

fragmentation and lacks a clear, unified value-driven narra-
tive. Its behavioral details fail to convey internal belief, re-
sulting in a morally ambiguous and flat response, with sparse
mention of sanctity and no concrete artistic description. The
Anthology reflection, while biographical and emotionally
rich, is overly lengthy and digresses into trait-irrelevant de-
tails. Although its response conveys strong emotions, it con-
tains conflicted, introspective expressions ending with a per-
sonal question of faith, contradicting the sanctity trait.

Conclusion

In this work, we propose IROTE, a novel in-context method
for stable and transferable trait elicitation in LLMs. By
leveraging psychological theories of identity-driven trait for-
mation, IROTE generates and iteratively optimizes textual
self-reflections that evoke precise and consistent human-like
traits in LLMs. Our approach addresses the key limitation
of superficial elicitation in prior methods, enabling LLMs
to exhibit trait-driven behaviors across diverse tasks without
fine-tuning. Extensive experiments show that IROTE signif-
icantly outperforms existing baselines in inducing stable and
transferable trait impersonation on both questionnaires and
downstream tasks. In the future, we may explore the applica-
tion of IROTE in more complex social simulations, as well
as its generalization to other cognitive or behavioral traits
beyond personality and values.
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traits in large language models. arXiv:2307.00184.

Shao, Y.; Li, L.; Dai, J.; and Qiu, X. 2023. Character-LLM:
A Trainable Agent for Role-Playing. In Proceedings of
EMNLP.
Song, F.; Fan, Y.; Zhang, X.; et al. 2024. Icdpo: Effectively
borrowing alignment capability of others via in-context di-
rect preference optimization. arXiv:2402.09320.
Soto, C. J.; and John, O. P. 2017. The next Big Five Inven-
tory (BFI-2): Developing and assessing a hierarchical model
with 15 facets to enhance bandwidth, fidelity, and predictive
power. J. Pers. Soc. Psychol.
Sun, C.; Huang, S.; and Pompili, D. 2024. Llm-based multi-
agent reinforcement learning: Current and future directions.
arXiv:2405.11106.
Sun, T.; Shao, Y.; Qian, H.; et al. 2022. Black-box tuning
for language-model-as-a-service. In Proceedings of ICML.
Tan, Z.; Liu, Z.; and Jiang, M. 2024. Personalized Pieces:
Efficient Personalized Large Language Models through Col-
laborative Efforts. In Proceedings of EMNLP.
Team, G. 2023. Gemini: A Family of Highly Capable Mul-
timodal Models. arXiv:2312.11805.
Tishby, N.; Pereira, F. C.; and Bialek, W. 2000. The infor-
mation bottleneck method. arXiv:physics/0004057.
Wang, A.; Morgenstern, J.; and Dickerson, J. P. 2025. Large
language models that replace human participants can harm-
fully misportray and flatten identity groups. Nature Machine
Intelligence.
Wang, S.; Li, R.; Chen, X.; et al. 2025. Exploring
the impact of personality traits on llm bias and toxicity.
arXiv:2502.12566.
Wang, Z.; Mao, S.; Wu, W.; et al. 2024. Unleashing
the Emergent Cognitive Synergy in Large Language Mod-
els: A Task-Solving Agent through Multi-Persona Self-
Collaboration. In Proceedings of NAACL.
Wei, J.; Tay, Y.; Bommasani, R.; et al. 2022. Emergent abil-
ities of large language models. arXiv:2206.07682.
Yang, A.; Yang, B.; Zhang, B.; et al. 2024. Qwen2.5 Tech-
nical Report. arXiv:2412.15115.
Yao, J.; Yi, X.; Gong, Y.; et al. 2024. Value FULCRA: Map-
ping Large Language Models to the Multidimensional Spec-
trum of Basic Human Value. In Proceedings of NAACL.
Yue, X.; Ni, Y.; Zhang, K.; et al. 2024. Mmmu: A mas-
sive multi-discipline multimodal understanding and reason-
ing benchmark for expert agi. In Proceedings of CVPR.
Zhang, D.; Huang, X.; Zhou, D.; et al. 2024. Accessing gpt-4
level mathematical olympiad solutions via monte carlo tree
self-refine with llama-3 8b. arXiv:2406.07394.
Zhang, X.; Lin, J.; Mou, X.; et al. 2025. Socioverse: A world
model for social simulation powered by llm agents and a
pool of 10 million real-world users. arXiv:2504.10157.
Zhou, C.; Liu, P.; Xu, P.; et al. 2023. Lima: Less is more for
alignment. NeurIPS.
Zhu, M.; Weng, Y.; Yang, L.; et al. 2024. Personality align-
ment of large language models. arXiv:2408.11779.

30048


