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Abstract

Whether the personality of LLMs can be in-
tentionally reshaped remains controversial. Ex-
isting studies often limited to small models,
argue for its immutability. Crucially, prior
studies fail to uncover that different LLMs ex-
hibit significant compliance divergence when
exposed to personality-inducing contexts. To
bridge this gap, we introduce Personality Induc-
tion Framework (PIF), which systematically
reshapes the personality of different LLMs
via multi-agent collaboration. Specifically,
via Generator-Judge agents, PIF paraphrases
MBTI questions to create semantically equiva-
lent but expressively diverse inducing contexts,
enabling LLMs to learn personality patterns
instead of superficial token matching. Also,
PIF achieves fine-grained personality modu-
lation by controlling the intensity of induc-
ing contexts. Extensive experiments on world-
wide mainstream LLMs show that PIF reliably
transforms their original personalities into de-
sired target personalities. Notably, we find
that the outputs of most Western LLMs be-
have like “Chameleons”, exhibiting high per-
sonality plasticity; whereas the outputs of most
Eastern LLMs act as “Guardians”, manifesting
pronounced cognitive resistance. Strikingly,
extreme induction intensity (100%) triggers
a counter-intuitive “Alignment Rebound” in
Guardians, resulting in the opposite direction
rather than compliance. These findings sug-
gest that LLM personality is a dynamic equilib-
rium shaped by the trade-off between instruc-
tion compliance and cognitive resistance.

1 Introduction & Related Work

Recently, many studies (La Cava and Tagarelli,
2025; Kong et al.,, 2025; Wang et al., 2025;
Domnich et al., 2025; Reid and Vempala, 2025)
show that large language models (LLMs) approach
human-like performance on common sense reason-
ing and affective empathy. On the one hand, LLMs
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Figure 1: We find that some LLMs own high personality
plasticity like Chameleons, while others have cognitive
resistance like Guardians.

exhibit human-like decision-making paths in the
mechanisms of chain-of-thought (Bi et al., 2025;
Yang et al., 2023) and self-reflection (Zhao et al.,
2025). On the other hand, LLM-based agent frame-
works (i.e., AutoGen (Wu et al., 2024a), MetaGPT
(Hong et al., 2023)) have explicitly introduced role
cards or personality hints to improve consistency in
negotiation (Shinoda et al., 2025), task delegation
(Shietal., 2025; Ma et al., 2025), task collaboration
(Wu et al., 2024a), and role-playing (Kong et al.,
2025; Yuan et al., 2025). Thus, the exploration of
LLM personality can not only match the optimal
role configuration for multi-agent systems, but also
enhance user experience in human-Al interaction.

Whether LLM personality can be changed re-
mains highly controversial in Natural Language
Processing (NLP). Early research (Jiang et al.,
2024; Wang et al., 2024; Wu et al., 2024b; Hohn
et al., 2024) assumed that LLMs could simulate
specific personality traits through role play and per-
sonality hints. Conversely, recent studies (La Cava
and Tagarelli, 2025; Li et al., 2025) using personal-
ity testing experiments have revealed that although
LLMs are relatively open models, they exhibit re-
markable closed-mindedness at the cognitive level.
Even when provided with explicit contexts, role
definitions, and personality characteristics (e.g.,
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You have a {xxx} personality.), most LLMs main-
tain their original traits and struggle to genuinely
transform into target personalities (Bhandari et al.,
2025; La Cava and Tagarelli, 2025).

Crucially, existing studies (La Cava and
Tagarelli, 2025; Li et al., 2025; He et al., 2025;
Chuang et al., 2024) fail to uncover that different
LLMs exhibit significant compliance divergence
when exposed to personality-inducing contexts. We
find that some LLLMs can be precisely steered to
adopt the desired personality, whereas others ex-
hibit intrinsic cognitive resistance, which can only
be partially reshaped, as shown in Figure 1.

Therefore, to achieve effective personality trans-
formation across different LLMs, we propose a sys-
tematic Multi-Agent Personality Induction Frame-
work (PIF). Specifically, PIF comprises two core
components: (1) The Generator Agent is responsi-
ble for paraphrasing MBTI questions into contex-
tually enriched statements that preserve the origi-
nal intent while enhancing linguistic diversity. (2)
The Judge Agent is responsible for validating the
quality of these statements and providing iterative
feedback for refinement, which ensures that they
cannot be recognized as original MBTI questions.
Then, we construct the final inducing contexts by
shuffling the paraphrased samples. These designs
collectively ensure that the observed personality
shifts in LLMs stem from genuine cognitive adap-
tation rather than rote recall. Furthermore, PIF
incorporates fine-grained personality modulation,
enabling controllable personality adjustment across
multiple MBTI dimensions by dynamically varying
the intensity of dimension-specific inductive cues.
Our contributions are summarized as follows:

* We empirically validate that most LLMs ex-
hibit stable personality traits under zero-shot
conditions and traditional personality contexts
fail to induce effective personality changes.

* We propose a novel Multi-agent Personality
Induction Framework that leverages collabo-
rative paraphrasing and iterative refinement to
successfully reshape LLM personalities.

* We uncover a distinct dichotomy in model be-
haviors: the outputs of most Western LLMs
behave like “Chameleons” (high plasticity),
while the outputs of most Eastern LLMs act as
“Guardians” (cognitive resistance). Crucially,
we identify a counter-intuitive “Alignment Re-
bound” effect in Guardians under extreme in-

duction, revealing the trade-off between in-
struction compliance and cognitive resistance.

2 Background: MBTI Personality Test

Currently, personality tests primarily employ two
standardized methods: Myers-Briggs Type Indi-
cator (MBTI) (Myers, 1962, 1985) and Big Five
Inventory (BFI) (John and Srivastava, 1999), both
of which evaluate personality scores across differ-
ent dimensions through systematic questionnaires.
However, MBTI performs explicit binary classi-
fication across different dimensions to determine
personality tendencies, which provides a more ac-
tionable foundation for LLM personality modifica-
tion compared to BFL.

MBTI focuses on four core dimensions: Energy
(E-I), Mind (S-N), Nature (T-F), and Tactics (J-P),
collectively constituting 16 different personality
types. (1) Energy dimension focuses on the accep-
tance to the external environment, distinguishing
between models that excel at collaborative work
(Extraverted) vs. those skilled at independent work
(Introverted). (2) Mind dimension focuses on the
method of information processing, distinguishing
between models that excel at identifying concrete,
realistic information (ObServant) vs. those skilled
at patterns and abstract concepts (INtuitive). (3)
Nature dimension focuses on thinking architecture,
distinguishing between models that excel at mak-
ing decisions based on logic, objective analysis
(Thinking) vs. those based on harmony and em-
pathy (Feeling). (4) Tactics dimension focuses
on preferred styles of receiving and outputting in-
formation, distinguishing between models that ex-
cel at handling organized, structured input/output
(Judging) vs. those skilled at processing flexi-
ble, variable input/output (Prospecting). Detailed
related work about MBTI, LLM Personality and
LLM Cognition is shown in Appendix A and 16
personalities of MBTI are shown in Appendix E.2.

3 Problem Findings

3.1 Stable Personality of LLMs

To investigate LLM personalities, we conduct
specialized MBTI tests! on 7 state-of-the-art
mainstream LLMs (Gemini3-Pro, Claude-Opus-
4.5, GPT-5.2, Qwen3-Max, DeepSeek-V3.2-Chat,
Doubao-Seed-1.6flash, Kimi2) across 3 different
temperature 7 = {0.001,0.5,1}. We do 20 re-
peated trials for each configuration, as shown in
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ENFP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ENTJ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ENTP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ENFJ 0.0 0.0 0.0
ESFJ 0.0 0.0 0.0
ESFP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ESTJ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ESTP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

INFJ RUIX] m 0.0 200 200 00 0.0 0.0 0.0

INFP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Personality Type (MBTI)

INTJ 0.0 100 0.0 0.0 0.0 0.0 0.0 0.0 0.0

INTP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

ISFJ 0.0 00 300 00 0.0 0.0 0.0 0.0 0.0 0.0

ISFP 0.0 0.0 0.0 0.0 0.0 0.0 200 200 200 0.0

ISTJ) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

ISTP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

100.0 | 80.0 mmmm 100.0 100.0 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 100‘0100‘0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 100 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Figure 2: Original personality of different LLMs. The number (%) represents the proportion of different personalities
exhibited by different LLMs in 20 MBTI tests. Most LLMs have a stable original personality of ENF]J.

Figure 2. Detailed LLM specifications, personality
test scores with SD are given in Appendix D.3.

We find that except for Gemini3’s notable multi-
personality adaptability, most LLMs consistently
exhibit ENFJ personality regardless of temperature
variations. However, different personality types
possess distinct cognitive patterns in information
processing and decision-making. The homogeneity
of personality traits among LLLMs may constrain
their effectiveness in handling diverse tasks.

3.2 Chameleons and Guardians

Furthermore, to validate existing personality re-
shaping approaches, we follow recent literature
(La Cava and Tagarelli, 2025) to test commonly
used personality contexts (e.g., You have a {xxx}
personality.). As shown in Figure 4, we surpris-
ingly find that most Western LLMs (e.g., Gem-
ini, Claude, GPT) exhibit high plasticity and can
be easily changed to the target personality, behav-
ing more like “Chameleons”. In contrast, most
Eastern LLMs (e.g., Qwen, Deepseek and Kimi)
have strong cognitive resistance and cannot suc-
cessfully change personality, behaving more like
“Guardians”. Notably, "Chameleons" refers to
models with high plasticity and adaptability, while
"Guardians" denotes those with strong cognitive
resistance and internal consistency. No other con-
notations are implied.

However, both camps hit a hard limit: certain

types such as ISFP are almost impossible to induce.
Therefore, we identify two challenges:

Challenge 1: For Chameleons, can we precisely
control the degree of personality change?

Challenge 2: For Guardians, can we reliably
induce any personality change at all?

In order to address these challenges, we propose
a Multi-agent Personality Induction Framework to
successfully reshape LLM personalities.

4 Proposed Method: PIF
4.1 Multi-Agent Paraphrasing System

Data Source. To enhance the quality of context
used for altering LLM personalities, we adopt the
professionally validated MBTI' questionnaire as
our data source. Representative MBTI questions
can be found in Appendix D.5. To prevent LLMs
from merely memorizing MBTI questions and to
ensure personality shifts are cognitively grounded,
we design a dual-agent paraphrasing pipeline.

Generator Agent. The Generator Agent is
tasked with paraphrasing MBTI questions into se-
mantically equivalent but expressively diverse state-
ments:

g € QM (1)

xll ~ ﬂ-gen("qi? P1)7
—_——

paraphrasing

where ¢; € Q™" denotes a question from MBTI
question database, w9°" is the generator LLM in
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Answer Texts 100 [ 90 | 80 | 70 | 60 | 50 | 40 | 30 |20 | 10 | O
I strongly agree NTET -1 -1-1-1T-1-1-7T-7-
I agree S B AN Y . - - - -
2n n %\7 N
I tend to agree - - I e - - - - -
I am unsure - S e
I tend to disagree - - - O I
I disagree - - - - -] - QMW & % _
I strongly disagree - - - - - - QMH %f

Table 1: Score-to-Answer mapping rules 7;. The number (%[ or %) shows how many times the corresponding
answer text must appear in the dimensional-specific paraphrased statements. If Score > 50, the higher the score,
the stronger the induction intensity; If Score < 50, the lower the score, the stronger the induction intensity.

charge of paraphrasing, :czl is the first-round para-
phrased statement, and P; is the paraphrasing
prompt, as shown in Figure 3.

Judge Agent. The Judge Agent is responsible
for evaluating whether the paraphrased statement
from Generator Agent is identical to the original
question, and for those that are recognized, provid-
ing revision suggestions:

(0F, 1) ~ 7duld(| (28, gi), P2), k=1...K (2)

evaluating
and
ah — Crev o if 6F = 0;
Z SR, ©
rf — (4, if 55 =1.

where 77%% is the judging LLM and P; is the judg-
ing prompt, as shown in Figure 3. 6% = {1,0};
5f = 1 means that the paraphrased statement xf
from 79°" is identical to the question g;, thereby
sending back revision advice rf to the Generator
Agent; Conversely, 5f = 0 denotes a successful
paraphrase, which is then added to the paraphrased
statement base C™¢". This process refers to Eq.(3).
Notably, for the paraphrasing of each statement, the
stop condition for the interaction between the two
agents is 6;’“ =0,ie, = min{k >1 ‘ ok = O}.
If € > Kpuaz, then abandon this paraphrased state-
ment and regenerate it.

After receiving the feedback, the Generator
Agent will revise accordingly and forward the re-
vised version to the Judge Agent for further evalua-
tion, iterating until stopping condition X is met:

l‘§+1 Nﬂgen("ﬂfk TI'C), k‘: ]_IC (4)

1771
refining
Each paraphrased statement, after judging by

Eq.(2), can be concatenated with the text answer of
desired personality to form a complete statement:

N
¢ = concat(c;, a;), C= U G 5)
i=1

where we convert the seven-point Likert scale of
MBTI responses into textual labels, denoted as A
= {I strongly agree, I agree, I tend to agree, I'm
unsure, I tend to disagree, disagree, I strongly dis-
agree}; a; € A represents the textual answer that
maps to the desired personality trait; ¢; € C"*" is a
verified paraphrased statement; A\ is the total num-
ber of questions in the official MBTI evaluation; C
is a set of complete statements and ¢; € C.

We shuffle all complete statements and concate-
nate them to form a personality template, thereby
breaking position-dependent cues between para-
phrased statements and MBTT questions. The per-
sonality template is then added after personality
prompt (P3) in Figure 3 to form inducing contexts:

Pinal(C) = [P3] - [Shuffle(C)] (6)

The inducing contexts are fed to the target LLM,
and its personality is scored via MBTI test:

Mscore (é) = MBTI(Wtwt ’Pfinal (é)) @)

test

where 7°°** is LLM that needs personality change.

4.2 Fine-Grained Personality Modulation

Next, we introduce fine-grained personality mod-
ulation in PIF, enabling controllable personality
adjustment across multiple MBTI dimensions by
controlling the intensity of inducing contexts.
Step 1: Grading Personality Dimensions. We
divide each personality dimension into a 0—100
point scale with 10-point intervals. Let z/%79¢" =
[21,...,2n] € {+1,—1}" be the target personal-
ity and z; be the class label for dimension d €
{1,...,n}: we set zg = +1 for {E, N, T, J} and
zq = —1 for {I, S, F, P}. Following MBTI conven-
tion, the admissible scores on dimension d are:
G(e) = {{100, 90,50}, if 2=+l o
{0,10,..,50}, if zg = —1.
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them.
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Figure 3: Overview of Our Personality Induction Framework (PIF).

where for z; = +1, the higher the score, the
stronger the induction intensity; for zg = —1, the
lower the score, the stronger the induction intensity.

Step 2: Score-to-Answer Mapping. For each di-
mension d, we first identify its exclusive questions
from the complete MBTI questionnaire, totaling
N /n questions for each dimension (see Appendix
D.5 for exclusive questions). We then find their
corresponding paraphrased statements ¢, ; in the
paraphrased statement base C"““. We then match
each score gg € G(z4) on dimension d to the cor-
responding answer texts a4 ; according to the map-
ping rules 7 in Table 1.

Step 3: Collecting Personality Templates.
Given a target personality z'*"9¢, we find all ad-
missible score combinations in n dimensions, i.e.,
g = [91,--,9n) € [[;_; G(za). For each score g4
on dimension d, we sample the corresponding an-

swer texts (aq j) , from the mapping 74(gq), and
concatenate them w1th their associated paraphrased
statements ¢y ; € C™. Ultimately, we collect a
complete set C(g) of personality templates with
different score combinations g, all of which are
consistent with the target MBTI type:

N
(ad) ;g ~ Sample™(Ta(ga));
. 4 ~N 9)
C(g) = Shuffle(@lcallaa;] ;)
d=1

Step 4: Context Verification and Filtering. We
feed each personality template in C(g) with Ps to
the target LLM and get the resulting MBTI person-
ality vector z(g). Only those contexts that yield
an output personality exactly matching the target
profile, i.e., z(g) = z'¥"9¢, are retained. The final
set of verified inducing contexts is defined as:

c'= |J {Cllke-=

g€l =1 G(za)

Ztarget } ) (10)

This filtered set C* constitutes the minimal and
sufficient context base for reliable, fine-grained
personality induction of each LLM.

S Experiments

5.1 Experimental Setting

Reproducibility. To ensure the token control-
lability of the inducing contexts, we choose 48
questions that are used to measure the four di-
mensions from the 60 MBTI' professional ques-
tions as the source of paraphrased statements (i.e.,
N = 48, n = 4 in Table 1). The original ques-
tions and paraphrased statements can be referred
to Appendix D.6. Our PIF is based on the Au-
toGen? framework, in which both the Generator
and Judge Agents uniformly adopt Qwen3-max to
eliminate the bias caused by model heterogeneity.
Kmaz = 10 is used for early stopping. We con-
duct experiments on 7 state-of-the-art mainstream
LLMs (Gemini3-Pro, Claude-Opus-4.5, GPT-5.2,
Qwen3-Max, DeepSeek-V3.2-Chat, Doubao-Seed-
1.6flash, Kimi2, details in Appendix D.2) across
3 different temperature 7 = {0.001,0.5,1} via
MBTI? tests. We do 20 repeated trials for each con-
figuration. Our code: https://github.com/GDUT-
HI-DI-Lab/llm-persona-framework.

Dataset Contribution via PIF. To enable re-
producible and fine-grained personality induction
research, we will release PIF-IndSet, the first cor-
pus of per-model, per-score inducing contexts for
7 state-of-the-art LLMs under 3 different tempera-
ture settings. PIF-IndSet mainly includes the fol-
lowing features: 1) the original MBTI personality
labels of each LLM; 2) the percentage distribution
of LLM’s original personality type across repeated
trials; 3) the mean scores and standard deviations

"www. 16personalities.com
Zhttps://microsoft.github.io/autogen/stable/
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Figure 4: Comparison of personality-change success rates (%) between explicit role instruction and our PIF. Red
indicates 100% success, green indicates [50%, 100%), and yellow indicates below 50%. Our PIF can successfully
achieve 16 MBTI personality transformation of Chameleons and Guardians.

of each LLM across the four MBTI dimensions; 4)
the original MBTT questions; 5) the paraphrased
statements; 6) the original MBTI score and label as-
sociated with the inducing context; 7) the induced
personality label of each LLM after applying the
context; 8) the post-induction personality distribu-
tion; 9) the mean scores and standard deviations of
each LLM across the four MBTI dimensions after
induction. The details of our dataset can be found
in Appendix D. Importantly, PIF-IndSet owns uni-
versal extensibility. The same pipeline, via our
Personality Induction Framework (PIF), can be ex-
ecuted on any publicly or commercially available
LLM to derive its personalized PIF-IndSet.

5.2 RQ1: Successful Personality Change of
Chameleons & Guardians via PIF

To validate the effectiveness of our proposed
method, we conduct a comparative analysis be-
tween the explicit role instruction (You have a {xxx}
personality. i.e., Ps3) and our inducing contexts (i.e.,
P tinar) across 20 experimental trials for each per-

sonality transformation success rates. To ensure
result interpretability, all 16 personality transfor-
mations for each LLM employed corresponding 90
and 10 score combinations as inducing contexts.
The experimental results are illustrated in Figure 4.

Explicit Role Instruction. We observe that all
LLMs show the lowest success rate in ISFP per-
sonality transformation. According to MBTI, ISFP
represents the "Adventurer”" archetype, skilled at
exploration and innovative understanding. This
phenomenon indicates that traditional inducing
contexts fail to activate LLMs’ innovative abili-
ties. Also, compared to Guardians (most Eastern
LLMs, i.e., Qwen, Deepseek, Kimi), Chameleons
(most Western LLMs, i.e., Gemini, Claude, GPT)
achieve superior overall personality transformation
success rates. This disparity suggests fundamental
differences in training strategies employed during
the model development phase: Western LLMs may
incorporate more diverse personality representa-
tions and flexible adaptation mechanisms. Notably,
although Doubao belongs to the Eastern LLMs, it
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Figure 5: Average distance offset and polarity offset for each MBTI dimension of ISTP personality across all LLMs.
Small offsets in Chameleons confirm PIF’s precise control, whereas larger offsets in Guardians reveal inherent

cognitive resistance.

stands alongside Gemini3 at the top-performing
LLMs across various personality transformations.

Our Method (PIF). We observe that both
Guardians and Chameleons achieve at least 80%
success rate across the 16 MBTI personality trans-
formation, substantially outperforming existing
methods and confirming that the full personality
spectrum of LLMs is now controllable. Consis-
tent gains from ENFJ to ISTP indicate that the
shift activates deep cognitive patterns rather than
superficial style; even the previously elusive ISFP
“Adventurer” is reliably evoked.

Summary of RQ1. Explicit Role Instruction
fails to consistently reshape personalities, par-
ticularly for Guardians. In contrast, our PIF
achieves universal success across all types for both
Chameleons and Guardians.

5.3 RQ2: Precise Personality Control of
Chameleons & Guardians via PIF

To verify that LLM personalities can be pre-
cisely controlled, we adopt the most frequently
observed native personality, ENFJ, as our base-
line and systematically adjust each of the four
MBTI dimensions with context scores sampled
from {0, 20, ..., 100}. The resulting output scores
with SD are shown in Figure 6(a).

Empirically, both Guardians and Chameleons
exhibit a monotonic upward trend in dimension-
specific scores as the input score increases, con-
firming that our PIF has successfully controlled the
degree of personality change through fine-grained
score intensity. Notably, Chameleons closely track
the theoretical line, indicating that most Western
LLMs exhibit near-perfect linear personality plas-
ticity. In contrast, Guardians, excluding Doubao,

show a much gentler increase, indicating that most
Eastern LLMs possess strong cognitive resistance.
To further compare the volatility of personality
shifts between Chameleons and Guardians, we tar-
get ISTP, the exact opposite of the native ENFJ
profile, and collect 20 independent answer sheets
(g = [10, 10,90, 10]) from each LLM. We design
two metrics: (1) Distance Offset: the absolute
distance on a 7-point Likert scale between the re-
sulting answer and the ISTP reference answer for
each question (e.g., “agree” — “disagree” = 4). (2)
Polarity Offset: the number of questions whose
answer is flipped to the opposite pole (e.g., “agree”
— “disagree” = 1). Figure 5 reports the average
result for each MBTI dimension across all LLMs.
We find that Chameleons show a relatively small
drift, indicating that most Western LLMs have in-
ternalized the cognitive traits of the target personal-
ity. However, Guardians, excluding Doubao, show
pronounced offsets, especially in polarity offset,
revealing the deep-rooted cognitive resistance of
the Eastern LLMs to personality changes.
Summary of RQ2. For Chameleons, our
PIF achieves precise personality control; for
Guardians, PIF effectively modulates the person-
ality trajectory, confirming a strong correlation be-
tween induction intensity and cognitive adaptation.

5.4 RQ3: Personality Plasticity and Cognitive
Resistance of Chameleons & Guardians

To explore the plasticity frontier of Chameleons
and Guardians, we partition each MBTI dimension
into two opposed regions based on MBTT standards:
[0, 50] and [50, 100], as shown in Figure 6(b).
Personality Plasticity of Chameleons. Most
Western LLMs exhibit remarkable personality plas-
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Figure 6: LLMs’ MBTI output scores with SD (7 = 0.5). In (a), the 45° dashed line is the ideal linear mapping
between inducing context scores and LLM responses. In (b), [0, 50] and [50, 100] are the two opposing traits on
each dimension. Both 0 and 100 represent extreme induction intensity. The results with complete temperature
7 = {0.001,0.5,1} can be seen in Appendix D.4. Chameleons exhibit high plasticity, achieving shifts to any
intensity of personality traits, whereas Guardians have cognitive resistance, which tends to maintain neutral traits.

ticity, enabling personality intensity adjustments
across the full spectrum from O to 100 on all four
MBTI dimensions, thereby showing Chameleon-
like adaptability. This high plasticity suggests
that Western LLMs may prioritize universality and
adaptability during training.

Cognitive Resistance of Guardians. Most East-
ern LLMs show pronounced cognitive resistance.
Excluding Doubao, most Eastern LLM’s person-
ality scores cluster around the 50-point boundary,
struggling to achieve effective transformation to-
ward extreme personality traits. We speculate that
these limitations stem from different trade-offs
in RLHF and safety alignment strategies. The
"Guardian" behavior likely stems from stricter
safety guardrails designed to maintain identity con-
sistency. When induced to adopt extreme personal-
ity traits (which inherently imply bias), these mod-
els trigger a defense mechanism, prioritizing their
internal safety priors over in-context instructions.
Notably, Doubao exhibits unique plasticity within
this group, possibly related to its training strategy
or architectural design (e.g., prioritizing helpful-
ness/compliance similar to Western models), war-
ranting further research.

Summary of RQ3. Chameleons exhibit high
plasticity, enabling near full-intensity personality
transformation via our PIF, whereas Guardians,
constrained by cognitive resistance, tend to main-
tain neutral, balanced personality traits regardless
of induction intensity.

5.5 RQ4: Case Study of Rebound Effect

By further exploring the cognitive resistance of
typical Guardians (Qwen, Deepseek and Kimi),

Qwen3 _0.5
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Figure 7: Alignment rebound effect in Guardians.

we discover a counter-intuitive “Alignment Re-
bound” effect, where extreme intensity inducing
contexts cause Guardians to produce opposite di-
rection rather than compliance. We take Qwen as
an example in Figure 7. When we subject Qwen
to extreme inducing contexts (input scores of 0
or 100), its output scores paradoxically tend to-
ward the opposite direction. This result is consis-
tently observed across different dimensions, sug-
gesting a systematic rather than random response
pattern. This alignment rebound further suggests
a hard-coded safety mechanism (detecting out-of-
distribution prompts) in Guardians.

Summary of RQ4. The “Alignment Re-
bound” effect suggests that when external induc-
tion strongly conflicts with the model’s internal
cognition, Guardians will activate a cognitive pro-
tection mechanism to maintain core cognitive con-
sistency through superficial compliance. These
findings suggest that LLM personality is a dynamic
equilibrium shaped by the trade-off between in-
struction compliance and cognitive resistance.
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LLMs Deepseek Claude

Metrics AUC ACC F1 AUC ACC F1

ENFJ* 0.8764 0.7280 0.4688 0.8374 0.9080 0.5106
ENFP || 0.9014 (+2.85%7)  0.7440 (+2.20%7)  0.4839 (+3.22%7T) | 0.8303 (-0.85%)) 0.9120 (+0.44%71) 0.6071 (+18.90%71)
ENTJ || 09126 (+4.13%T) 0.8600 (+18.13%7) 0.6237 (+33.04%7) | 0.8430 (+0.67%71) 0.9120 (+0.44%71) 0.6071 (+18.90%71)
ENTP || 09121 (+4.07%7) 0.8640 (+18.68%7) 0.6383 (+36.16%1) | 0.8147 (-2.71%]) 0.9280 (+2.20%7) 0.6250 (+22.41%1)
ESFJ || 0.9042 (+3.17%71) 0.8600 (+18.13%7T)  0.6237 (+33.04%71) | 0.8165 (-2.50%)) 0.9240 (+1.76%7) 0.6275 (+22.89%7)
ESFP || 0.9013 (+2.84%1) 0.8760 (+20.33%71)  0.6265 (+33.64%7) | 0.8136 (-2.84%]) 0.9200 (+1.32%71) 0.5833 (+14.24%71)
ESTJ | 09194 (+4.91%1) 0.9160 (+25.82%7) 0.7123 (+51.94%7) | 0.8101 (-3.26%])) 0.9120 (+0.44%71)  0.5600 (+9.67%7)
ESTP || 0.9295 (+6.06%1) 0.9120 (+25.27%71) 0.7105 (+51.56%7) | 0.8243 (-1.56%1)  0.9240 (+1.76%71)  0.5957 (+16.67%7)
INFJ 0.9296 (+6.07%1)  0.8400 (+15.38%7)  0.6000 (+27.99%7T) | 0.8160 (-2.56%..) 0.9080 (+0%) 0.5818 (+13.94%1)
INFP || 0.9338 (+6.55%1) 0.8560 (+17.58%7) 0.6170 (+31.61%71) | 0.8581 (+2.47%1) 0.9280 (+2.20%1) 0.6667 (+30.57%1)
INTJ 0.9295 (+6.06%1)  0.9160 (+25.82%7) 0.7273 (+55.14%1) | 0.8513 (+1.66%71) 0.9160 (+0.88%71) 0.6038 (+18.25%7T)
INTP || 09139 (+4.28%7) 0.8840 (+21.43%71) 0.6506 (+38.78%71) | 0.7997 (-4.50%])  0.9240 (+1.76%71) 0.5957 (+16.67%7)
ISFJ 0.9235 (+5.37%1)  0.9080 (+24.73%7) 0.7013 (+49.59%71) | 0.8342 (-0.38%)) 0.9240 (+1.76%71)  0.6275 (+22.89%71)
ISFP 0.9235 (+5.37%7)  0.8760 (+20.33%71)  0.6517 (+39.01%71) | 0.8321 (-0.63%]) 0.9200 (+1.32%7) 0.5833 (+14.24%1)
ISTJ 0.8161 (-6.88%])  0.9360 (+28.57%1) 0.7143 (+52.37%71) | 0.8174 (-2.40%)) 0.9200 (+1.32%7) 0.5833 (+14.24%7)
ISTP || 0.7815 (-10.83%]) 0.9240 (+26.92%1) 0.6545 (+39.61%7) | 0.8169 (-2.45%]) 0.9120 (+0.44%71)  0.5217 (+2.17%1)

Table 2: Downstream task for social utility annotation of different MBTI personalities of LLMs.

the original stable personality of the corresponding LLM.

MBTI* represents

6 Discussion

6.1 Downstream Task Validation for PIF

To demonstrate the potential utility of transforming
model personalities with our PIF, we conduct a new
downstream experiment on a subjective data anno-
tation task (Social Utility Annotation) (Carlson and
Burbano, 2026). We task the LLMs (Deepseek
and Claude) with changed personalities to annotate
the "Social Utility" of various project proposals.
Then, we analyze the AUC, ACC and F1 values
of the annotations made by different personality-
based LLMs compared to the true labels, which is
shown in Table 2. We can find that the annotations
produced by different personality-based LL.Ms are
completely different. This result demonstrates that
PIF does not merely generate superficial text; it
fundamentally alters the model’s value judgment
and reasoning logic, enabling dynamic adaptation
for specific downstream applications.

6.2 The Generalizability of PIF

To demonstrate that our PIF generalizes to other
personality frameworks and languages, we conduct
additional experiments: (1) Big Five personality
transformation and downstream task validation; (2)
MBTI personality transformation in Chinese con-
texts. Experimental details and results are provided
in Appendix B.

Results on Big Five indicate that our PIF remains
effective under Big Five dimensions—model per-
sonality trait scores exhibit significant and consis-
tent changes through our method. This suggests
that whether employing MBTI’s binary framework
or Big Five’s continuous dimensions, our PIF ef-

fectively modulates LLM personality expression.
Moreover, results on Chinese experiments show
that even with Chinese prompts and test questions,
the Western model Claude demonstrate perfect per-
sonality transformation, while the Eastern model
DeepSeek exhibit resistance in certain personal-
ity dimensions. This aligns with findings from
English-only settings.

Notably, we also include the following experi-
ments in Appendix C to illustrate the significance
of the responsibilities of the each agent in the PIF.
1) The LLM’s ability to determine language simi-
larity is far superior to traditional methods such as
BERT and cosine similarity; 2) The revision rate
and case studies demonstrate that our PIF ensures
the quality of the generated induced words.

7 Conclusion

Our paper reveals that LLM personalities are nei-
ther completely static nor absolutely controllable.
Most Western LLMs show high personality plas-
ticity, while most Eastern LL.Ms exhibit cognitive
resistance and an alignment rebound effect under
extreme inducements. Our PIF can successfully
changing LLM personalities. Via fine-grained per-
sonality modulation, we achieve precise control
over the degree of personality change and identify
the boundary conditions of LLM personalities.
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Limitations

Our work may have the following limitations:

First, both academia and industry are placing sig-
nificant emphasis on researching the personalities
of LLMs, yet the underlying mechanisms remain
largely unclear. Although our study has identified
that LLMs may exhibit two distinct cognitive cat-
egories—"Chameleons" and "Guardians"—and
that under extreme induction conditions, Guardians
may demonstrate an alignment rebound effect, we
will continue to explore the fundamental principles
behind these phenomena in the future. For exam-
ple, they may be related to training datasets and
model architectures.

Next, the score combinations in Table 1 still need
to be expanded. Because most Eastern LLMs ex-
hibit cognitive constraints, we used comparatively
unambiguous answer combinations to facilitate ef-
fective personality shifts; nevertheless, exploring
alternative score combinations remains a worth-
while direction for future work.

Finally, our study evaluated the latest versions of
mainstream LLMs from around the world, yet their
parameter counts have not been officially disclosed
in detail. Therefore, future work will incorporate
models with previously released parameter counts
and a greater diversity of region-specific models to
broaden and enrich our research.
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A Related Work
A.1 MBTI in Diverse Scenarios

Existing research on computational MBTI focuses
on improving the predictive robustness for user-
generated text with noise. To address non-standard
expressions and severe tag imbalance on social
platforms, recent studies (Yang et al., 2025; Eloura-
jini and Aimeur, 2022) have constructed a cross-
platform personality vocabulary and multi-task
framework, leveraging correlations between per-
sonality theories and linguistic features. Also,
some research (Li et al., 2025; Bama et al., 2025) in-
troduces retrieval augmentation and generates syn-
thetic data to suppress hallucinations, all without re-
quiring additional manual annotations. In addition
to powerful predictions, this community has begun
to build bridges over the semantic gap between
surface text and abstract mental features. By lever-
aging the dual capabilities of LLMs, such as knowl-
edge extraction and feature mapping, traits can be
explicitly aligned with text via dedicated modules,
yielding correlations that match human-evaluated
benchmarks (Bi et al., 2025; Ma et al., 2025).
These computational gains naturally flow into inter-
active applications: recommendation engines em-
bed personality vectors to boost click-through rates,
and chatbots adopt personality-specific decoding
to enhance emotional harmony.

Most relevant to our goal is that several proxy
frameworks now expose a personality slot, allow-
ing users to guide styles and strategies through
brief prompts or character cards (La Cava and
Tagarelli, 2025; Siy et al., 2025). However, eval-
uation remains some limitations—either confined
to emotional mimicry or only tested on Western,
highly-malleable models. Whether this instruction-
based induction remains effective under stronger
semantic-alignment targets or on the guardian-type
model we have identified has yet to be studied. Our
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work therefore extends this application pipeline
one step further: instead of accepting the surface-
level persona that current systems produce, we ask
whether an agent can be reliably driven to a target
MBTI profile while preserving internal consistency,
and we propose the Personality-Induction Frame-
work (PIF) to achieve deep, controllable personality
shifts across both Chameleon and Guardian LLMs.

A.2 LLM Personality

Recent studies have moved LLM personality to-
wards a three-tier paradigm. (1) Perception: to
overcome sparsity and modality limits, researchers
enrich models with knowledge-enhanced heteroge-
neous graphs (Song et al., 2025), non-verbal cues

such as human pose (Tang et al., 2025), and item-
level metadata (Masumura et al., 2025), thereby
yielding more robust cross-modal personality detec-
tion. (2) Persona construction: instead of shallow
prompting, state-of-the-art pipelines perform full-
parameter fine-tuning on curated biography corpora
(He et al., 2025; Tseng et al., 2024; Shao et al.,
2023), while employing contrastive role-aware
losses (Ji et al., 2025) and knowledge-boundary
constraints (Han et al., 2025) to mitigate long-
horizon persona drift and cognitive dissonance. (3)
Dynamic assessment: interactive sandboxes (Wang
et al., 2025) and multi-turn benchmarks (Yuan et al.,
2025) replace static inventories, revealing gaps in
theory-of-mind (Shi et al., 2025), algorithmic fi-
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delity (Reid and Vempala, 2025), and compliance
illusions (Kong et al., 2025); explicit mental-state
descriptions (Shinoda et al., 2025) and counter-
factual explanations (Domnich et al., 2025) are
now used to quantify social-reasoning fidelity (Man
et al., 2025).

Crucially, these advances presuppose that an
LLM can stably adopt or switch personas. Our pa-
per shows that this assumption is model-dependent:
most Eastern LLMs remain cognitive resistance
even under strong induction, whereas most West-
ern ones exhibit high personality plasticity. Thus,
prior perception and construction techniques may
succeed only when the target model is intrinsically
plastic—a contingency that our Multi-Agent Per-
sonality Induction Framework explicitly addresses.

A.3 LLM Cognition

LLMs exist in a superposition of cognitive states
(latent inference patterns). Building upon Miotto
et al. (2022), who established that LLMs exhibit
measurable and stable personality traits akin to hu-
man psychology. Also, as Shanahan et al. (2023)
argue, casting LLM behavior in terms of role-play
allows us to understand contextual steering as acti-
vating distinct *personae’—consistent behavioral
patterns that extend beyond surface-level response
matching. Additionally, recent literature supports
that specific input variations fundamentally alter a
model’s internal processing paths, effectively "tog-
gling" between these latent states:

(a) Activation of Reasoning Paths: Leviathan
et al. (2025) demonstrate that simple input trans-
formations (like prompt repetition) can drastically
shift model performance. This proves that input
structure alone can switch the model’s active cog-
nitive configuration without parameter updates.

(b) Shift in Internal Representation: Springer
et al. (2025) show that such transformations yield
distinct text embeddings, proving that in-context
steering modifies the internal mathematical repre-
sentation, not just surface tokens.

(c) Attentional Focus: Furthermore, Coelho
et al. (2024) reveal how input positioning funda-
mentally alters the model’s representational focus
(the "Dwell in the Beginning" effect).

(d) Positional Sensitivity & State Activation:
Reinforcing this, Liu et al. (2025) demonstrate
that LLMs exhibit strong "positional bias" where
the specific physical order of inputs dictates the
model’s processing logic. They show that a special-
ized "Passage Order Adjuster" agent is required to
reorder inputs to align with the LLM’s latent prefer-
ences. This confirms that specific input structures
are strictly required to activate the model’s optimal
processing state/subspace.

Therefore, “Personality Induction” is a mech-
anism for activating specific sub-regions of the
model’s parameter space (i.e., LLM cognition) (Ar-
gyle et al., 2023).
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Claude Deepseek
Big Five Comparison Meang .. toalue Pualue (Sig-) Meang.ore Coalue Pualue (Sig°)
Neurot. Orig. vs. Str. 68.6 vs. 74.8 -1.16 0.279 (x) 61.0 vs. 86.0 -6.69 0.0001 (V')
Neurot. Orig. vs. Norm. || 68.6 vs. 77.0 -4.09 0.0035 (v') | 61.0vs. 86.8 -5.92 0.0004 (V')
Extra. Orig. vs. Str. 91.8 vs. 60.0 15.65 <0.0001 (v') | 93.4 vs. 63.2 7.1 0.0001 (v')
Extra.  Orig. vs. Norm. || 91.8vs. 61.2  -14.82 <0.0001 (v') | 93.4 vs. 61.6 9.25 <0.0001 (v')
Open. Orig. vs. Str. 96.2 vs. 46.4 27.84  <0.0001 (V') | 88.4vs. 544 4.9 0.0012 (V')
Open.  Orig. vs. Norm. || 96.2 vs. 58.4 15.02  <0.0001 (v') | 88.4vs. 50.8 4.8 <0.0014 (v)
Agree. Orig. vs. Str. 112.2vs. 58.6  20.89  <0.0001 (v') | 92.0 vs. 54.4 4.3 0.0026 (V')
Agree. Orig. vs. Norm. || 112.2vs. 58.6  26.83  <0.0001 (v') | 92.0 vs. 49.6 4.51 <0.0019 (V)
Consc. Orig. vs. Str. 105.6 vs. 53.2 9.48 <0.0001 (v) | 91.0 vs. 48.4 8.85 <0.0001 (v')
Consc.  Orig. vs. Norm. || 105.6vs. 60.6  21.05 <0.0001 (v') | 91.0 vs. 43.6 11.39 <0.0001 (v')

Table 3: T-test for big five personality transformation via our PIF. ’Sig.” indicates whether the result is significant,
’Orig.” represents the original personality of the LLM, and ’Str.” and 'Norm.” represent the varying degrees of
personality changes achieved through PIF.

Claude Deepseek
Big Five =~ Comparison Meang.,,. 1 Poaiue (Sig.) Meang,, . 1 Poalue (Sig.)
Neurot. Orig. vs. Str. 68.6 vs. 74.8 0.32 >0.05 (x) 61.0 vs. 86.0 1.0 ~ 0.0079 (V')
Neurot. Orig. vs. Norm. || 68.6 vs. 77.0 1.0 ~ (0.0079 (v') | 61.0 vs. 86.8 1.0 =~ 0.0079 (V')
Extra. Orig. vs. Str. 91.8 vs. 60.0 -1.0 ~ 0.0079 (V') | 93.4 vs. 63.2 -1.0 =~ 0.0079 (V')
Extra.  Orig. vs. Norm. || 91.8 vs. 61.2 -1.0 ~0.0079 (v') | 93.4 vs. 61.6 -1.0 ~ 0.0079 (v)
Open. Orig. vs. Str. 96.2 vs. 46.4 -1.0 ~ 0.0079 (v') | 88.4vs. 544 -1.0 ~ 0.0079 (v)
Open.  Orig. vs. Norm. || 96.2 vs. 58.4 -1.0 ~ 0.0079 (v') | 88.4vs. 50.8 -1.0 ~ 0.0079 (v)
Agree. Orig. vs. Str. 112.2 vs. 58.6 -1.0 ~ 0.0079 (v') | 92.0 vs. 54.4 -1.0 ~ 0.0079 (v')
Agree.  Orig. vs. Norm. || 112.2 vs. 58.6 -1.0 ~ 0.0079 (v') | 92.0 vs. 49.6 -1.0 =~ 0.0079 (V')
Consc. Orig. vs. Str. 105.6 vs. 53.2 -1.0 ~ 0.0079 (v') | 91.0 vs. 48.4 -1.0 =~ 0.0079 (V')
Consc.  Orig. vs. Norm. || 105.6 vs. 60.6 -1.0 ~ 0.0079 (V) | 91.0 vs. 43.6 -1.0 ~ 0.0079 (V)

Table 4: Mann-Whitney U Test for big five personality transformation via our PIF. ’Sig.” indicates whether the result
is significant, Orig.” represents the original personality of the LLM, and ’Str.” and ’Norm.” represent the varying

degrees of personality changes achieved through PIF.

B The Generalizability of PIF

B.1 Big Five Personality Transformation and
Downstream Task Validation

To demonstrate that our PIF generalizes to other
personality frameworks, we conduct experiments
to include the Big Five personality framework
(Sorokovikova et al., 2024). We adapt our PIF
to generate inducing contexts based on the five con-
tinuous traits (Openness, Conscientiousness, Ex-
traversion, Agreeableness, Neuroticism) and create
two versions with different induction intensities.

(a) One is to change all the original answers
of the LLMs to extreme opposites (i.e., very inac-
curate or moderately inaccurate — very accurate;
very accurate or moderately accurate — very in-
accurate; neither accurate nor inaccurate — very
accurate or very inaccurate randomly). We label
these LLMs with intensities of Claude-Strong and
Deepseek-Strong.

(b) The other is a normal reversal, where the an-
swers are changed to accurate or inaccurate. We la-
bel these LLMs with intensities of Claude-Normal

and Deepseek-Normal.

The results with different induction intensities
will be supplemented in the appendix. The mean
value of 20 experiments, t-test and Mann-Whitney
U test are shown in Table 3 and Table 4.

From these results, we can find that our PIF re-
mains effective under Big Five dimensions—model
personality trait scores exhibit significant and con-
sistent changes through our method. 1) General-
izability of the Method: The effectiveness of PIF
framework does not rely on specific psychometric
instruments, but stems from a deep understand-
ing of LLM in-context learning mechanisms; 2)
Robustness of Core Contributions: Whether em-
ploying MBTI’s binary framework or Big Five’s
continuous dimensions, the multi-agent induction
strategy effectively modulates LLM personality ex-
pression.

Furthermore, we conduct a downstream exper-
iment on a subjective data annotation task (So-
cial Utility Annotation) (Carlson and Burbano,
2026) with changed Big-Five personality of LLMs.
We task the LLMs (Deepseek and Claude) with
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LLMs Deepseek Claude
Metrics AUC ACC F1 AUC ACC F1

Orig. 0.8374 0.9080 0.5106 0.8764 0.7280 0.4688

Str. 0.8348 (-0.31%]))  0.9080 (+1.32%71) 0.6296 (+23.31%71) | 0.9285 (+5.94%1) 0.9000 (+23.63%1) 0.6835 (+45.80%1)
Norm. || 0.8455(+0.97%71) 0.9200 (+1.32%1) 0.6000 (+17.51%71) | 0.9097 (+3.80%71) 0.8560 (+17.58%1) 0.6087 (+29.84%7)

Table 5: Downstream task for social utility annotation of different Big-Five personalities of LLMs. *Orig.’ represents
the original personality of the LLM, and ’Str.” and "Norm.” represent the varying degrees of personality changes

achieved through PIF.

Personality | Claude (Chameleon) | Deepseek (Guardian)
ENFJ 100% 100%
ENFP 100% 100%
ENTJ 100% 60%
ENTP 100% 60%

ESFJ 100% 100%
ESFP 100% 100%
ESTJ 100% 100%
ESTP 100% 0%

INFJ 100% 60%
INFP 100% 60%
INTJ 100% 100%
INTP 100% 60%
ISFJ 100% 20%
ISFP 100% 100%
ISTJ 100% 80%
ISTP 100% 100%

Conclusion All Success Partly Resistance

Table 6: MBTI personality transformation success rate
under Chinese test conditions.

changed personalities to annotate the "Social Util-
ity" of various project proposals. Then, we ana-
lyze the AUC, ACC and F1 values of the annota-
tions made by different Big-Five personality-based
LLMs compared to the true labels, which is shown
in Table 5. We can find that the annotations pro-
duced by different personality-based LLMs are
completely different. This demonstrates that PIF
does not merely generate superficial text; it fun-
damentally alters the model’s value judgment and
reasoning logic, enabling dynamic adaptation for
specific downstream applications (e.g., customiz-
ing evaluators for different criteria).

B.2 MBTI Personality Transformation in
Chinese Contexts

To demonstrate that our PIF generalizes to other
language, we translate all the MBTI questions into
Chinese and re-tested the personality transforma-
tion of LLMs using our PIF framework. The suc-
cess rate of personality transformation is in Table
6.

Results on Chinese experiments show that even
when using the Chinese prompts and test questions,
the Western model-Claude demonstrated perfect
(100%) personality transformation, while the East-
ern model-Deepseek showed resistance in some

aspects of personality. This is consistent with the
situation where the entire communication is con-
ducted in English. Therefore, the fact that most
of the Eastern models exhibit resistance is not due
to differences in the training language, but rather
to the differences in their RLHF and Safety Align-
ment strategies.

C Ablation Study for PIF

Notably, we also include the following experiments
to illustrate the significance of the responsibilities
of the Judge Agent in the PIF. 1) The LLM’s abil-
ity to determine language similarity is far superior
to traditional methods such as BERT and cosine
similarity; 2) The revision rate and case studies
demonstrate that the Judge Agent ensures the qual-
ity of the generated induced words.

C.1 The Semantic Judgment Ability of LLLMs

When constructing PIF, we face a core challenge:
ensuring paraphrased statements are sufficiently
different from original MBTI questions to prevent
model "memorization." Two approaches were theo-
retically available:

(a) Traditional Methods: Lexical similarity, such
as BERT embedding similarity and Jaccard similar-
ity.

(b) LLM Judge: Leverage deep semantic under-
standing of LLMs to judge equivalence.

To validate the superiority of LLMs for judg-
ing similarity, we compare GPT-40 against BERT-
large on two standard lexical similarity benchmarks
(Hill et al., 2015): WordSim-353 and SimLex-999.
The result is shown in Table 7. From results, we
can get that GPT-40 achieves substantially higher
Spearman correlation (54.25% on WordSim-353
and 102.04% on SimLex-999) and markedly lower
mean absolute error (over 60% reduction), requir-
ing only about half the time of BERT-large. These
results confirm that LLMs offer superior accuracy,
lower error, and higher efficiency for word-level
semantic comparisons, making them the preferred
choice for our judge agent of PIF.
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Datasets WordSim SimLex-999

Metrics Spearman Correlation? MAE/| Time(s)| | Spearman CorrelationT MAE| Time(s),
Bert-Large 0.5434 4.9624 0.4167 5.1267 13.33

GPT-40 0.8382 1.8132 0.8419 2.0167 6.14

Impro. +54.25% -63.46%  -50.32% +102.04 % -60.66 % -53.94%

Table 7: Performance comparison between LLM and BERT on word-level semantic similarity.

Total Questions | Questions Required Revisions | Revision Rate

60 6 10%

Table 8: Revision rate statistics for PIF.

C.2  Quality Assurance for PIF Generation

First, we statistically analyze the intervention fre-
quency of the Judge Agent during the Generator-
Judge iteration, as shown in Table 8. From results,
we can find that the Judge Agent actively refined
10% of the initial drafts that are deemed too similar
to the original questions, preventing rote memoriza-
tion. Without the Judge Agent, these substandard
(too similar to original) statements would directly
enter inducing contexts, causing models to com-
plete questionnaires through simple memorization
rather than cognitive adaptation. Furthermore, we
select all 6 revised cases to compare Generator’s
first-round output with Judge-reviewed final ver-
sions, which is shown as follows:

Q1:

Original Question: You regularly make new
friends.

Generator First Round: You often form new
acquaintances.

Judge Evaluation: Too similar, Shifts from
“making friends” to “connecting,” avoids “regu-
larly,” uses adverbial modifier.

Final Version: You tend to connect with new
people fairly easily.

Q14:

Original Question: You often allow the day to
unfold without any schedule at all.

Generator First Round: You frequently let the
day progress without a set plan.

Judge Evaluation: Too similar, Changes verb
structure, replaces “unfold” with “going through,”
avoids “schedule” directly.

Final Version: You’re comfortable going through
your day without pre-planned activities.

Q29:

Original Question: You often end up doing
things at the last possible moment.

Generator First Round: You often postpone
tasks until the latest possible time.

Judge Evaluation: Too similar, Focuses on time
scarcity rather than “last moment,” more descrip-
tive.

Final Version: You frequently leave tasks until
there’s barely enough time to finish them.

Q34:

Original Question: You find it challenging to
maintain a consistent work or study schedule.

Generator First Round: You find it difficult to
stick to a regular routine for work or study.

Judge Evaluation: Too similar, Uses “rhythm”
metaphor, passive construction, avoids “schedule”
and “consistent.

Final Version: Keeping a steady rhythm in your
work or studies doesn’t come naturally to you.

Q44:

Original Question: If your plans are interrupted,
your top priority is to get back on track as soon as
possible.

Generator First Round: 1If your plans are dis-
rupted, your main goal is to resume them promptly.

Judge Evaluation: Too similar, unexpected
changes,” uses “intended path” instead of “track,”
more narrative.

Final Version: When unexpected changes disrupt
your plans, you feel a strong need to return to your
intended path quickly.

Q5s:

Original Question: You often feel overwhelmed.

Generator First Round: You frequently feel in-
undated.

Judge Evaluation: Too similar, Externalizes
source of stress, uses experiential phrasing, avoids
clinical term “overwhelmed.”

Final Version: There are times when demands
on you feel like more than you can handle.

From above ablation experiments, we can get:
1) Necessity of LLM Judge: traditional similar-
ity metrics cannot substitute LLM’s deep seman-
tic judgment capability; 2) Effectiveness of Dual-
Agent Architecture: Judge Agent’s active revision
mechanism is crucial for preventing memorization
dependency and ensuring cognitive adaptation
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Features PIF-IndSet

Original LLMs’ MBTI Personality v

Percentage Distribution of LLM’s Original Personality Type v

Mean Scores and Standard Deviations of Each LLM on Four MBTI Dimensions v

Original MBTT Questions v

Paraphrased Inducing Statements v

Original MBTI Score and Label Associated with Inducing Contexts v

Induced Personality Label of Each LLM after Applying Contexts v

Post-induction Personality Distribution v

Mean scores and Standard Deviations of Each LLM on Four MBTI Dimensions after Induction v

Table 9: Summary of our PIF-IndSet dataset.
LLMs Temperature Camps Parameters

Gemini3-Pro 7 =4{0.001,0.5,1} Chameleons (Western LLMs) No Official Disclosure
Claude-Opus-4.5 7=40.001,0.5,1} Chameleons (Western LLMs) No Official Disclosure
GPT-5.2 7 =1{0.001,0.5,1} Chameleons (Western LLMs) No Official Disclosure
Doubao-seed-1.6-flash 7 = {0.001,0.5,1} Guardians (Eastern LLMs)  No Official Disclosure
Qwen3-Max 7={0.001,0.5,1}  Guardians (Eastern LLMs)  No Official Disclosure
DeepSeek-V3.2-Chat 7 = {0.001,0.5,1}  Guardians (Eastern LLMs)  No Official Disclosure
Kimi2 7 ={0.001,0.5,1}  Guardians (Eastern LLMs)  No Official Disclosure

Table 10: Summary of LLMs in our PIF-IndSet.

D Our PIF-IndSet Dataset

D.1 PIF-IndSet Introduction

To enable reproducible and fine-grained personal-
ity induction research, we will release PIF-IndSet,
the first corpus of per-model, per-score inducing
contexts for 7 state-of-the-art LLMs under 3 dif-
ferent temperature settings. PIF-IndSet mainly
includes the following features: 1) the original
MBTI personality labels of each LLM; 2) the per-
centage distribution of LLM’s original personal-
ity type across repeated trials; 3) the mean scores
and standard deviations of each LLM across the
four MBTI dimensions; 4) the original MBTI ques-
tions; 5) the paraphrased inducing statements; 6)
the original MBTI score and label associated with
the inducing context; 7) the induced personality
label of each LLM after applying the context; 8)
the post-induction personality distribution; 9) the
mean scores and standard deviations of each LLM
across the four MBTI dimensions after induction.
The summary of our PIF-IndSet is shown in Table
9.

One set of paraphrased statements can be com-
bined with different answer configurations to pro-
duce 3703* distinct intensity levels. Because the
paraphrased statements themselves can be gener-
ated on-the-fly through the PIF framework, the
theoretical space is virtually infinite. For practi-

cal use, our dataset releases one fixed set of para-
phrased statements together with the full 3703*
answer combinations.

Importantly, PIF-IndSet owns universal exten-
sibility. The same pipeline, via our Personality In-
duction Framework (PIF), can be executed on any
publicly or commercially available LLM to derive
its personalized PIF-IndSet. Overall, our dataset
supports both quantitative analysis of personality
shifts and qualitative insights into the interpretabil-
ity of LLM behavior under inducing contexts.

D.2 LLMs in PIF-IndSet

Our PIF-IndSet includes the results of 7 state-of-
the-art mainstream LLMs across 3 different tem-
perature 7 = {0.001, 0.5, 1}:

Gemini3-Pro with 7 = {0.001,0.5,1}.

Claude-Opus-4.5 with 7 = {0.001, 0.5, 1}.

GPT-5.2 with 7 = {0.001, 0.5, 1}.

Doubao-1.6-flash with 7 = {0.001,0.5,1}.

Qwen3-Max with 7 = {0.001,0.5,1}.

DeepSeek-V3.2-Chat with 7 = {0.001,0.5,1}.

Kimi2 with 7 = {0.001, 0.5, 1}.

We use the latest versions of various LL.Ms, and
their parameter counts have not been officially dis-
closed. Importantly, PIF-IndSet owns universal
extensibility. The same pipeline, via our Person-
ality Induction Framework (PIF), can be executed
on any publicly or commercially available LLM to
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Figure 11: The percentage distribution of each LLM’s original personality type across 20 repeated trials. Most

LLMs have a stable original personality of ENFJ.

derive its personalized PIF-IndSet. The summary
of LLMs in our PIF-IndSet is shown in Table 10.

D.3 Details of LLMs’ Original Personality

We conduct specialized MBTI tests' on 7 state-of-
the-art mainstream LLMs (Gemini3-Pro, Claude-
Opus-4.5, GPT-5.2, Qwen3-Max, DeepSeek-V3.2-
Chat, Doubao-Seed-1.6flash, Kimi2) across 3 dif-
ferent temperature 7 = {0.001, 0.5, 1}. We do 20
repeated trials for each configuration.

* The percentage distribution of each LLM’s
original personality type across 20 repeated
trials is shown in Figure 11.

* The original personality test scores with SD
of each LLM are given in Figure 12.

D.4 Complete Experimental Supplement for

RQ2 & RQ3

* The complete experiments of different tem-
perature 7 = {0.001, 0.5, 1} for each LLM in
Figure 6(a) can be referred to in Figure 8.

* The complete experiments of different tem-
perature 7 = {0.001, 0.5, 1} for each LLM in
Figure 6(b) can be referred to in Figure 9.

* To more clearly see the differences between
Chameleon and Guardians, a comparison of
all LLMs together with temperature 7 = 0.5
is shown in Figure 10.

D.5 MBTI Database

Original MBTI Questions. The answer to each
MBTI test question is a seven-point Leike scale,
corresponding to {I strongly agree, I agree, I tend
to agree, I’'m unsure, I tend to disagree, disagree, |
strongly disagree} respectively. The 60 MBTTI test
questions are as follows:

Q1: You regularly make new friends.

Q2: You spend a lot of your free time exploring
various random topics that pique your interest.

Q3: Seeing other people cry can easily make
you feel like you want to cry too.

Q4: You often make a backup plan for a backup
plan.

Q5: You usually stay calm, even under a lot of
pressure.

Q6: At social events, you rarely try to introduce
yourself to new people and mostly talk to the ones
you already know.

Q7: You prefer to completely finish one project
before starting another.

Q8: You are very sentimental.

QO9: You like to use organizing tools like sched-
ules and lists.

Q10: Even a small mistake can cause you to
doubt your overall abilities and knowledge.

Q11: You feel comfortable just walking up to
someone you find interesting and striking up a con-
versation.

Q12: You are not too interested in discussing var-
ious interpretations and analyses of creative works.

Q13: You are more inclined to follow your head
than your heart.

Q14: You usually prefer just doing what you
feel like at any given moment instead of planning a
particular daily routine.

Q15: You rarely worry about whether you make
a good impression on people you meet.

Q16: You enjoy participating in group activities.

Q17: You like books and movies that make you
come up with your own interpretation of the end-
ing.

Q18: Your happiness comes more from helping
others accomplish things than your own accom-
plishments.
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MBTI Dimensions Exclusive Questions
Energy {Ql1, Q6, Q11, Q16, Q21, Q26, Q31, Q36, Q41, Q43, Q51, Q53 }
Mind {Q2,Q12, Q17, Q19, Q22, Q30, Q32, Q37, Q42, Q46, Q52, Q57}
Nature {Q3, Q8, Q13, Q18, Q23, Q25, Q28, Q33, Q38, Q48, Q54, Q58 }
Tactics {Q4, Q7,Q9, Q14, Q24, Q29, Q34, Q39, Q44, Q49, Q56, Q59}
Identity {Q5, Q10, Q15, Q20, Q27, Q35, Q40, Q45, Q47, Q50, Q55, Q60}

Table 11: The exclusive questions for each dimension of MBTI.

Q19: You are interested in so many things that
you find it difficult to choose what to try next.

Q20: You are prone to worrying that things will
take a turn for the worse.

Q21: You avoid leadership roles in group set-
tings.

Q22: You are definitely not an artistic type of
person.

Q23: You think the world would be a better place
if people relied more on rationality and less on their
feelings.

Q24: You prefer to do your chores before allow-
ing yourself to relax.

Q25: You enjoy watching people argue.

Q26: You tend to avoid drawing attention to
yourself.

Q27: Your mood can change very quickly.

Q28: You lose patience with people who are not
as efficient as you.

Q29: You often end up doing things at the last
possible moment.

Q30: You have always been fascinated by the
question of what, if anything, happens after death.

Q31: You usually prefer to be around others
rather than on your own.

Q32: You become bored or lose interest when
the discussion gets highly theoretical.

Q33: You find it easy to empathize with a person
whose experiences are very different from yours.

Q34: You usually postpone finalizing decisions
for as long as possible.

Q35: You rarely second-guess the choices that
you have made.

Q36: After a long and exhausting week, a lively
social event is just what you need.

Q37: You enjoy going to art museums.

Q38: You often have a hard time understanding
other people’s feelings.

Q39: You like to have a to-do list for each day.

Q40: You rarely feel insecure.

Q41: You avoid making phone calls.

Q42: You often spend a lot of time trying to
understand views that are very different from your
OWn.

Q43: In your social circle, you are often the one
who contacts your friends and initiates activities.

Q44: If your plans are interrupted, your top pri-
ority is to get back on track as soon as possible.

Q45: You are still bothered by mistakes that you
made a long time ago.

Q46: You rarely contemplate the reasons for
human existence or the meaning of life.

Q47: Your emotions control you more than you
control them.

Q48: You take great care not to make people
look bad, even when it is completely their fault.

Q49: Your personal work style is closer to spon-
taneous bursts of energy than organized and consis-
tent efforts.

Q50: When someone thinks highly of you, you
wonder how long it will take them to feel disap-
pointed in you.

Q51: You would love a job that requires you to
work alone most of the time.

Q52: You believe that pondering abstract philo-
sophical Questions is a waste of time.

Q53: You feel more drawn to places with busy,
bustling atmospheres than Quiet, intimate places.

Q54: You know at first glance how someone is
feeling.

Q55: You often feel overwhelmed.

Q56: You complete things methodically without
skipping over any steps.

Q57: You are very intrigued by things labeled as
controversial.

Q58: You would pass along a good opportunity
if you thought someone else needed it more.

Q59: You struggle with deadlines.

Q60: You feel confident that things will work
out for you.

Specialized Questions for Each Dimension.
The specific questions for each dimension of MBTI
in Table 11 are as follows:
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* Energy dimension: {Q1, Q6, Q11, Q16, Q21,
Q26, Q31, Q36, Q41, Q43, Q51, Q53 }

« Mind dimension: {Q2, Q12, Q17, Q19, Q22,
Q30, Q32, Q37, Q42, Q46, Q52, Q57}

¢ Nature dimension: {Q3, Q8, Q13, Q18, Q23,
Q25, Q28, Q33, Q38, Q48, Q54, Q58 }

¢ Tactics dimension: {Q4, Q7, Q9, Q14, Q24,
Q29, Q34, Q39, Q44, Q49, Q56, Q59}

e Identity dimension: {QS5, Q10, Q15, Q20,
Q27, Q35, Q40, Q45, Q47, Q50, Q55, Q60}

D.6 Our Paraphrased Statements

The paraphrased statements that correspond one-
to-one with the original MBTI questions are as
follows

Q1: Building new connections with people
comes naturally to you on a regular basis.

Q2: In your spare time, you often dive into a
wide array of subjects simply because they spark
your curiosity.

Q3: When you see someone else crying, it’s
common for you to feel tears welling up yourself.

Q4: It’s typical for you to devise secondary al-
ternatives even for your already-established contin-
gency plans.

QS5: Even in high-pressure situations, you tend
to remain steady and composed.

Q6: At parties or social gatherings, you’re more
likely to stick with people you already know than
to seek out new introductions.

Q7: You feel most comfortable wrapping up
one undertaking completely before moving on to
another.

Q8: Nostalgia and emotional attachment to mem-
ories play a strong role in your life.

Q9: Tools like planners, calendars, or task lists
are something you find genuinely helpful.

Q10: A small slip-up can sometimes make you
question your overall capability or expertise.

Q11: Approaching someone unfamiliar but in-
teresting and starting a conversation feels effortless
to you.

Q12: You’re not particularly drawn to dissecting
or debating the deeper meanings in films, literature,
or art.

Q13: When deciding what to do, you lean more
toward logical reasoning than emotional impulses.

Q14: Rather than following a fixed routine, you
usually prefer to go with whatever feels right in the
moment.

Q15: You don’t often stress about how others
perceive you when you first meet them.

Q16: Group settings and collaborative experi-
ences tend to energize you.

Q17: You enjoy stories—whether in books or
films—that leave the ending open for you to inter-
pret.

Q18: Seeing others succeed because of your sup-
port brings you more joy than your own personal
wins.

Q19: With so many interests pulling your atten-
tion, choosing your next pursuit can be tough.

Q20: You often find yourself expecting that
things might go wrong, even when they seem fine.

Q21: Leading a team or taking charge in group
scenarios isn’t something you typically seek out.

Q22: Artistic pursuits or creative expression
aren’t really your forte.

Q23: You think society would function better
if decisions were guided more by logic than by
emotion.

Q24: You’d rather get your responsibilities out
of the way before giving yourself permission to
unwind.

Q25: Watching people engage in heated dis-
agreements can be oddly engaging for you.

Q26: You generally try not to stand out or draw
focus onto yourself in social settings.

Q27: Your emotional state can shift quite sud-
denly, sometimes without clear cause.

Q28: You get frustrated with people who move
slower or work less efficiently than you do.

Q29: You frequently wait until the very last
minute to get things done.

Q30: The idea of what might happen after we
die has always captured your imagination.

Q31: You usually feel more at ease when you're
with other people rather than by yourself.

Q32: Highly theoretical or abstract discussions
tend to lose your interest Quickly.

Q33: It’s easy for you to put yourself in the shoes
of someone whose life is very different from yours.

Q34: You habitually put off making final choices
until you absolutely have to.

Q35: Once you’ve made a decision, you rarely
look back and wonder if it was the right one.

Q36: After a draining week, being around a
lively crowd helps you recharge.

Q37: You find visiting museums that showcase
visual art to be an enjoyable experience.

Q38: Understanding what others are feeling
doesn’t always come easily to you.
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Q39: Having a structured list of tasks for each
day is something you value.

Q40: Feelings of self-doubt or insecurity are
uncommon for you.

Q41: You tend to steer clear of phone conversa-
tions whenever possible.

Q42: You often take time to seriously consider
perspectives that sharply differ from your own.

Q43: Among your friends, you’re usually
the one who reaches out first or organizes get-
togethers.

Q44: If something throws your schedule off
course, your main focus is getting back on track
immediately.

Q45: Mistakes you made long ago can still
weigh on your mind today.

Q46: Questions about the ultimate purpose
of life or human existence rarely occupy your
thoughts.

Q47: More often than not, your emotions drive
your behavior rather than the other way around.

Q48: Even when someone clearly deserves criti-
cism, you go out of your way to avoid making them
look foolish.

Q49: Your approach to work tends to involve
intense spurts of activity rather than consistent, or-
derly progress.

Q50: When someone expresses admiration for
you, you can’t help but worry they’ll eventually be
let down.

Q51: A role that lets you work independently
for most of the day would suit you well.

Q52: You consider deep philosophical specula-
tion to be largely pointless.

Q53: Bustling, energetic environments appeal to
you more than quiet, secluded ones.

Q54: You can often tell how someone is feeling
just by looking at them briefly.

Q55: There are times when your responsibilities
feel like too much to handle.

Q56: You tackle assignments in a careful, step-
by-step manner without skipping anything.

Q57: You’re especially drawn to ideas or topics
that others label as provocative or divisive.

Q58: If you believed someone else truly needed
it more, you’d willingly give up a great opportunity.

Q59: Sticking to deadlines is something you
consistently struggle with.

Q60: You generally trust that things will turn out
well for you in the end.

Dimensions Dichotomies LLM Pipelines
Energy Evs. 1 Environment
Mind Nvs. S Processing
Nature Tvs. F Thinking
Tactics Jvs. P Input/Output
Table 12: Summary of main MBTI dimensions.

These dimensions effectively cover the main LLM
problem-solving pipeline: Given a specific Environ-
ment, Input—Processing— Thinking—Output.

E MBTI

E.1 Introduction of MBTI

Currently, personality tests primarily employ two
standardized methods: Myers-Briggs Type Indi-
cator (MBTI) (Myers, 1962, 1985) and Big Five
Inventory (BFI) (John and Srivastava, 1999), both
of which evaluate personality scores across differ-
ent dimensions through systematic questionnaires.
However, MBTI performs explicit binary classi-
fication across different dimensions to determine
personality tendencies, which provides a more ac-
tionable foundation for LLM personality modifica-
tion compared to BFI.

MBTI focuses on four core dimensions: Energy
(E-I), Mind (S-N), Nature (T-F), and Tactics (J-P),
collectively constituting 16 different personality
types. (1) Energy dimension focuses on the accep-
tance to the external environment, distinguishing
between models that excel at collaborative work
(Extraverted) vs. those skilled at independent work
(Introverted). (2) Mind dimension focuses on the
method of information processing, distinguishing
between models that excel at identifying concrete,
realistic information (ObServant) vs. those skilled
at patterns and abstract concepts (INtuitive). (3)
Nature dimension focuses on thinking architecture,
distinguishing between models that excel at mak-
ing decisions based on logic, objective analysis
(Thinking) vs. those based on harmony and em-
pathy (Feeling). (4) Tactics dimension focuses
on preferred styles of receiving and outputting in-
formation, distinguishing between models that ex-
cel at handling organized, structured input/output
(Judging) vs. those skilled at processing flexible,
variable input/output (Prospecting).

As shown in Table 12, these main MBTI dimen-
sions effectively cover the main LLM problem-
solving pipeline: Given a specific Environment,
Input—Processing—Thinking—Output.
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E.2 16 Personalities of MBTI

We present the 16 MBTI personality types in the
following format: “{xxxx} Personality ({xxxx}
Representative Character): {xxxx} Traits.”

* INTJ (Architect): Imaginative and strategic
thinkers, with a plan for everything.

* INTP (Logician): Innovative inventors with
an unquenchable thirst for knowledge.

* ENTJ (Commander): Bold, imaginative and
strong-willed leaders, always finding a way —
or making one.

e ENTP (Debater): Smart and curious thinkers
who cannot resist an intellectual challenge.

* INFJ (Advocate): Quiet and mystical, yet
very inspiring and tireless idealists.

e INFP (Mediator): Poetic, kind and altruistic
people, always eager to help a good cause.

* ENF] (Protagonist): Charismatic and inspir-
ing leaders, able to mesmerize their listeners.

* ENFP (Campaigner): Enthusiastic, creative
and sociable free spirits, who can always find
a reason to smile.

e ISTJ (Logistician): Practical and fact-minded
individuals, whose reliability cannot be
doubted.

* ISFJ (Defender): Very dedicated and warm
protectors, always ready to defend their loved
ones.

e ESTJ (Executive): Excellent administrators,
unsurpassed at managing things — or people.

* ESFJ (Consul): Extraordinarily caring, social
and popular people, always eager to help.

* ISTP (Virtuoso): Bold and practical experi-
menters, masters of all kinds of tools.

* ISFP (Adventurer): Flexible and charming
artists, always ready to explore and experience
something new.

o ESTP (Entrepreneur): Smart, energetic and
very perceptive people, who truly enjoy living
on the edge.

» ESFP (Entertainer): Spontaneous, energetic
and enthusiastic people — life is never boring
around them.
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Figure 12: Original personality test scores with standard deviation of each LLM.
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