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Abstract

Standard LLM personalization typically frames
identity as a static retrieval task, overlook-
ing the inherent incongruity of human per-
sonas, where stable traits coexist with atypi-
cal, context-specific stances. Existing methods
struggle to reconcile these dimensions: prompt-
ing succumbs to context drift over long se-
quences, while fine-tuning often suppresses
idiosyncratic “quirks” in favor of generic dis-
tributional patterns. To bridge this gap, we
present QUIRKYMIND, a framework that dis-
entangles identity definition from its expres-
sion. First, Traits Anchoring constructs a dual-
stream latent state, fusing a sentence-level sum-
mary for semantic stability with a token-level
sequence for generative control. This state is
stabilized via In-Context Narrative Refinement
using an alternating objective: a discriminative
InfoNCE loss anchors the persona in represen-
tation space to prevent drift, while a genera-
tive cross-entropy loss ensures faithful verbal-
ization. Finally, Persona Steered Generaliza-
tion transfers the refined state to downstream
tasks via parameter-efficient adapters. Empiri-
cal evaluations on Persona-Steered QA and Nar-
rative Inference demonstrate that QuirkyMind
mitigates drift, consolidating persona knowl-
edge without erasing authentic incongruities.

1 Introduction

Personalization in Large Language Models (LLMs)
is frequently treated as a static conditioning task.
This view overlooks the reality that identity is not a
fixed enumeration of attributes but a dynamic con-
struct that unfolds through dialogue. A speaker can
be simultaneously consistent with a long-term back-
story yet surprising in specific contexts . A critical
failure mode of current methods is their inability
to model persona incongruity, namely, instances
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~—BACKSTORY
The respondent identifies as Liberal, with income $100,000 or more, and reports economic situation N/A.
————— QUESTION 1 QUESTION 2

Q: How do young adults today compare with
their parents on getting into college?
(1 About the same as it was for their parents
arder for young adults today
€ sier for young adults today
@ Refused
(The underlined text represents the chosen option.)
''''' QUESTION 3
Q: How do young adults today compare with their parents on being financially independent from their
parents?
A:@ Harder for young adults today

Q: How do young adults today compare with their
parents on saving for the future?

A: @ Harder for young adults today
(2 About the same as it was for their parents
(3 Easier for young adults today
@ Refused

@ About the same as it was for their parents

\__® Easier for young adults today @ Refused

2 (Clye) 9
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GENERIC LLM ° ’ PERSONA-STEERED LLM

- PQA

Q: How do young adults today compare with their parents on getting into college?
They're at a disadvantage, | I think it's easier for young adults today
unfortunately. The system is so much to get into college. The accessibility of

information and resources has really
increased, especially with the internet.
Plus, the cost of tuition is a major issue
that my parents didn't have to deal with.

college with scholarships and part-
time jobs, ...

more competitive and expensive now. l g V)
My generation was able to get into I@l oo

~— PNI
Q: What do you think about young adults on getting into college and their finance nowadays?

Tthink it's relatively easy for young adults
to get into college these days with the
variety of financial aid options available.
Of course, there are still some challenges
and financial burdens to consider, but
overall, I believe that most young adults
who want to attend college can do so

The cost of higher education has

skyrocketed, and it" ming o
increasingly difficult for students to @
afford. Many are taking on significant

debt just to get an education ...

with the right resources and planning.

Figure 1: Faithful Persona Steering under Incon-
gruity. (a) Baselines (Llama 3.1-8B): Standard prompt-
ing methods succumb to context override ; salient but
atypical stances (incongruities) fade over long contexts,
causing the model to drift toward generic priors. (b)
QUIRKYMIND (OURS): Anchors traits via a stable la-
tent state refined by in-context evidence. This mitigates
drift, preserving consistent performance in PQA and
PNI even when identities defy stereotypes.

where stable values collide with atypical stances
(e.g., a “climate activist” who supports “nuclear
energy”’). Figure 1 illustrates how baselines drift
into generic responses under such tension, whereas
our framework maintains faithful steering.
Existing methods struggle to reconcile these ten-
sions. Approaches relying on prompt engineering
or Retrieval-Augmented Generation (RAG) often
succumb to context drift, where the persona fades
over long contexts, or context override, where the
model favors recent tokens over the foundational
backstory. Conversely, fine-tuning approaches tend
to smooth the distribution, averaging out idiosyn-
cratic traits to fit generalized patterns (Choi and

24078

Findings of the Association for Computational Linguistics: ACL 2026, pages 24078-24095
July 2-7, 2026 ©2026 Association for Computational Linguistics



Li, 2024). Consequently, models fail to control
where the persona resides in the representation
space, leading to inconsistent answers or loss of
distinctiveness.

To tackle the challenge of faithful steering, we
propose QUIRKYMIND, a novel framework for
in-context persona learning that robustly models
both congruous and incongruous traits. Our key
insight is to disentangle the definition of identity
from its expression. QuirkyMind operates via three
stages. First, Traits Anchoring constructs a ro-
bust initial persona state by fusing a sentence-level
summary (semantic stability) with a token-level
sequence (generative control) into a single latent
state. Second, In-Context Narrative Refinement
stabilizes this state through simulated multi-turn
dialogue. We employ a dual-objective strategy: a
discriminative InfoNCE loss anchors the persona
in representation space to prevent drift, while a
generative Cross-Entropy loss ensures faithful ver-
balization in token space. Finally, Persona Steered
Generalization transfers this refined state to down-
stream tasks using parameter-efficient lightweight
adapters, keeping the backbone frozen. Empiri-
cal evaluations across single and multi-turn set-
tings demonstrate that QuirkyMind significantly
outperforms baselines in Persona-Steered Question
Answering (PQA) and Narrative Inference (PNI).
It successfully consolidates persona knowledge
without erasing necessary incongruities, maintain-
ing alignment with both the backstory and issue-
specific stances. Our contributions are as follows:

* We formalize the challenge of persona incon-
gruity, revealing how existing methods fail to
reconcile stable traits with atypical stances.

* We propose QUIRKYMIND, a framework cou-
pling semantic stability with expressive control
via an alternating discriminative-generative ob-
jective.

Evaluations across diverse backstories show that
our approach yields superior alignment and nar-

rative coherence without suppressing the “quirks”

that render a persona authentic.

2 Preliminaries

2.1 Background

Persona Definition. A Persona P is a textual
specification conditioning a language model toward
the characteristics of a specific virtual agent. We in-
stantiate a persona via a backstory B, a first-person

narrative encoding attributes such as demographics,
values, and beliefs. 5 serves as the foundational
context to steer the model M.

Let @ be a set of dialogue questions, and let
@B C (@ be the subset of questions relevant to
backstory . For a question ¢ € Q) with a finite
answer set Ay, let Y, € A, denote the human
response. We define the empirical distribution of
responses given the backstory as:

PBq(r) = Pr(¥y

where r ranges over the finite answer set A, and
Y, denotes the human response to question ¢ given
backstory 5

=r|B,q), reA; 1

Congruity and Incongruity. We formally distin-
guish between expected and unexpected persona
behaviors.From a causal perspective, persona in-
congruity can be viewed as a counterfactual in-
tervention on latent belief variables (Pearl, 2009).
Given a backstory B, Persona Congruity over a
question set Qi is the rate at which the model
aligns with high—probability human responses:

Congruity(B) = Z W( Y €Cy), @

|QB|

where C, C A, denotes the set of high-probability
(congruous) responses for question ¢, and ffq is
the model’s predicted answer. Conversely, Persona
Incongruity refers to instances where valid stances
defy the model’s learned priors. A response is
characterized as incongruous if the ground truth
Y, occupies a low-likelihood region of the prior
empirical distribution yet remains the true stance
of the persona.

Example: Consider B: “I am a climate-focused ac-
tivist who supports strong emissions policy.” For a
question ¢ on phasing out coal, the empirical major-
ity typically favors “Yes.” However, if the specific
persona prioritizes grid stability, the ground truth
might be “No.” Here, pg 4(No) is low, rendering
the stance incongruous but accurate. Standard back-
bones frequently succumb to mode collapse here,
defaulting to the generic, congruous response. Fig-
ure 2 details these types. Crucially, significant in-
congruity exists across both high- and low-resource
domains, challenging models to generalize beyond
simple pattern matching.

2.2 Problem Formulation

Persona Representation Learning. Let D =
{(B, g,r)} be a corpus of triples containing a back-
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Figure 2: Distribution of Persona Congruence. We
map the prevalence of congruous versus incongruous
personas across seven topical domains in the American
Trends Panel (ATP). The data reflects sociodemographic
complexity, where authentic stances often diverge from
stereotypical group attributes.

story, a question, and a target response. Our ob-
jective is to learn a parameterized encoder I'y that
maps the backstory and interaction history to a
latent persona state z. This state conditions a
language model Mg to approximate the target re-
sponse distribution. We evaluate the quality of z
on two downstream tasks:

Persona-Steered Question Answering (PQA).
For ¢ € @ with answer options A,, the model
defines a distribution Py (r | ¢, B,z). The task is
to predict the categorical response }A/q:

Yy = argmax,c 4, Pa(r | ¢, B, 2), 3)

where Py is the conditional distribution of the LLM
parameterized by ®, and z is the latent persona
state. Our objective is to optimize ¢ to maximize
predictive accuracy, ensuring the model remains
faithful to the persona’s specific stances even when
they deviate from the base model’s priors.

Persona-Steered Narrative Inference (PNI).
Given B, z, and an open-ended prompt ¢, the model
generates a free-text response x sampled via:

P@(X‘(Lsz)v (4)

where x = (z1, ..., xy) is the generated token se-
quence, q an open-ended prompt, and z the persona
state. The model is optimized so that X, faithfully
reflects both congruous and incongruous attributes
in B. The generated sequence X, must faithfully re-
flect the attributes in I3, including specific incongru-
ous stances, while maintaining narrative coherence
and responsiveness to q.

3 Methodology

We present QUIRKYMIND, a framework designed
to encode, refine, and transfer persona representa-
tions across congruous and incongruous contexts.
The core idea of QuirkyMind is to decouple per-
sona stability from its expression, reconciling both
into a unified latent state z.

3.1 Overall Framework

As illustrated in Figure 3, the framework operates
in three progressive stages: (a) Traits Anchoring:
encodes dialogue history and transient stances into
an initial latent state z(*) via a dual stream encoder.
(b) In-Context Narrative Refinement: iteratively
updates the state through simulated dialogue, al-
ternating between discriminative alignment (fixing
semantic drift) and generative refinement (fixing
verbalization). (c) Persona-Steered Generaliza-
tion: transfers the refined state z*) to downstream
tasks via parameter efficient adaptation.

3.2 Traits Anchoring

A persona with incongruity must blend long-term
backstory traits with transient, context-specific
stances. A single modality is insufficient: pure to-
ken sequences are prone to context override, while
pure embeddings lack generative control. We pro-
pose anchoring the persona in two aligned spaces.
Token-Level Stream. Given a background B, a
question ¢, and a human response r, we concate-
nate them into a unified text sequence. Let Eix
denote the token embedding layer of the LLM. The
token-level stream is defined as:

X = Ew([B;q)); X eRT*H_ (5)

where 7' is the sequence length and H is the hid-
den size. This stream preserves the precise lexical
surface form required for text generation.
Sentence-Level Stream. Simultaneously, we ex-
tract a semantic summary using a frozen sentence
encoder Fsep¢ (e.g., Sentence-BERT). This provides
a stable anchor invariant to minor phrasing changes.
The sentence representation is:

X = Esent([B§ Q]); X € de7 (6)

where d,, is the encoder dimension. To interface
this semantic vector with the token space of the
LLM, we project X into S soft tokens using a
parameterized MLP adapter g, : R% — R5*H.

Initial Persona State. The initial persona state
z(0) is formed by concatenating the token stream
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QUIRKYMIND

————- TRAITS ANCHORING --——

BACKSTORY
The respondent identifies as Conservative,
with income $50,000 to less than $60,000,
3 and reports economic situation N/A.
MCQ

Do you think there are too many, too few,
or about the right number of women in

g __top executive positions in business?

B,4)] B4

BACK STORY

The respondent identifies as Conservative,

with income $50,000 to less than $60,000,

and reports economic situation N/A.
MCQ

0 you think there are too many, too few,

or about the right number of women in

top executive positions in business? g1

0 you think men and women are treated
equally when it comes to hiring and

X X !
. Too few women in top executive ... .A
. Refused @

——> SBERT

TRAITS
ANCHORING

promotions in business? g1
SBERT ENCODER Do you think there are too many, too (t). sl
few, or about the right number of [X ’g‘“(X )]
H women in high political offices? @
Buent (1B;4))], Eiox (1B; q)) i : :
. [ 0. Too many women in top executive ...

. About the right number of womenin ... —> SBERTj

[ X X ) . Lnonce (t;0) 1. About the right number
SOFT - 2. Too few in top .

PROMPT . Even as more women move into ... 3. Refused I believe in equality for

ADAPTER PERSONAI[i| 1. As more women moveinto .. 4 all, regardless of gender.
99 STATE . Refused Gm—1 2. Too few in top|i | am a traditionalist at

About the right number of women in ... || DISCRIMINATIVE # heart and | do think that
. Too many women in high political ... ALIGNMENT men and women have different roles to play in society. But,

N - ;| 2. Too few women in high political...A FUSION HEAD l also believe that women should have equal opportunities

94(X) z = [X;g4(X)] i 3. Refused Tm PHASE to succeed ...

————————— IN-CONTEXT NARRATIVE REFINEMENT------————~ PERSONA-STEERED GENERALIZATION

GENERATIVE

REFINEMENT
PHASE

BACK STORY

The respondent identifies as Conservative,
with income $50,000 to less than $60,000,

B

and reports economic situation N/A.
PQA PNI

Do you think there are too many,| What do you think
too few, or about the right about gender equality?
TRAITS

q
ANCHORING| B

number of women in top
executive positions in business?

TRAITS |4
ANCHORING | B

t=1,---

20

0.Too many in top

Figure 3: Architecture Overview of QUIRKYMIND Framework: In-context Persona Learning and Transfer.

(lexical details) and the projected sentence stream
(semantic anchor):

20 = [X;g,(X)], 20 e RI+IA - (7)
This state z(©) is fed into the frozen backbone to
produce the hidden state h(?), serving as a compact
summary of the identity before dialogue evolution.

3.3 In-Context Narrative Refinement

Persona salience often fades or drifts as dialogue
length increases. To counter this, we introduce an
iterative refinement phase that simulates a multi-
turn dialogue over turns £ = 1...m. We employ
an alternating optimization strategy to stabilize the
persona state.

3.3.1 Discriminative Alignment Phase

To prevent the latent persona state from drifting
toward generic priors as dialogue length grows, we
anchor the persona representation in sentence space
via a contrastive objective. Let h() € R be the
persona-conditioned hidden state at turn ¢. We map
this state to the sentence space via a projection head
fo: RE — R»:

2t = fo(h). ®)

For a question ¢, let r; be the correct persona re-
sponse and A, \ {7} be the set of incorrect options.
We apply an InfoNCE objective to attract the per-
sona state zgézn toward the true response embedding
Egent(r) while repelling negatives:

exp(s(r)
e, op(s()

LinfoncE(t, ) = —log

where s(r) = cos(zggn, Eent(r)) /7, with T as the
temperature parameter. This explicitly penalizes
drift by re-anchoring the latent state to the true
stance at every turn.

3.3.2 Generative Refinement Phase

While discriminative alignment anchors the what of
persona identity, the model must also learn how to
verbalize these latent traits in natural language. To
decouple these objectives, we freeze the projection
head fp and optimize the soft prompt adapter g
by minimizing the negative log-likelihood of the
target response z(¥):

N

Lep(ti ¢) = =3 _log Po(w,” | 28 go(X 1)),
=1

(10)

where Py denotes the fixed conditional distribu-
tion of the LLM. This objective trains the adapter
to project abstract semantic states into the LLM’s
input space, yielding soft token prefixes that effec-
tively condition autoregressive generation.

3.3.3 Multi-Turn Optimization

Alternating between the two phases prevents over-
fitting to either representation geometry or sur-
face form, ensuring the persona is both semanti-
cally anchored and fluently expressed. We alter-
nate these phases to align representation geometry
(InfoNCE(Rusak et al., 2024)) with token-level fi-
delity (CE). Formally, over m dialogue turns, we
update the refinement parameters:

Adaptation with Low-Rank Updates. To adapt
the refined state z™*) to downstream tasks without
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Topic Domain Source Wave Size (N / Q)
SOCIAL (SO) ATP Wave 131 400/ 12
SCIENCE (SC) ATP Wave 123 200/ 12
RELIGION (RL) ATP Wave 143 200/ 12
PoLiTics (PL) ATP Wave 92 200/ 12
METHODOLOGY (MT)  ATP Wave 98 400/ 12
JOURNALISM (JN) ATP Wave 141 400/ 12
GLOBAL (GL) ATP Wave 105 400/ 12

Table 1: Dataset Statistics. Mapping of topical domains
to American Trends Panel (ATP) survey waves, detailing
respondent count (V) and number of questions (Q).

backbone disruption, we employ Low-Rank Adap-
tation (LoRA) (Hu et al., 2022), injecting learnable
matrices & = {4, B} into frozen weights W:
o
Wege = W + —AB, (11)
T
where 7 is the rank and « a scaling factor. We
optimize only ® on task data, keeping W and the
refinement adapters (6, ¢) frozen to effectively dis-

entangles “personality” (z™*)) from “task capability”
(®), facilitating robust transfer.

3.4 Persona Steered Generalization

To enable task-specific formatting and logic with-
out altering the underlying persona definition,
QUIRKYMIND supports two exemplar adaptation
tasks: (i) Persona-Steered QA (PQA), which
predicts categorical answers Yq by maximizing
the probability pyee(r | ¢,B, z*)); and (ii)
Narrative Inference (PNI), which samples open-
ended responses x from the distribution pg g ¢ (2 |
q,B,z™)). Algorithm 1 (Appendix E.1) details the
procedure. The per-layer update cost is O(LH),
preserving linear scaling with sequence length L.

4 Experiments

We evaluate QUIRKYMIND against open-source
baselines on PQA and PNI tasks. Our analysis ad-
dresses: (1) whether iterative refinement mitigates
context drift; (2) if the model sustains narrative di-
versity without compromising consistency; and (3)
the specific contributions of our dual-phase align-
ment and PEFT adaptation strategy.

4.1 Experimental Setup

Datasets. Our primary evaluation utilizes the
American Trends Panel (ATP), which provides
naturally incongruous personas derived from real-
world surveys. We normalize multiple waves
into a seven-domain benchmark (Table 1) and

adopt persona-level splits (70/10/20) to ensure dis-
joint identity sets across partitions. To assess
cross-domain generalizability, we evaluate on Per-
sonaChat (Zhang et al., 2018), whose predomi-
nantly congruous, attribute-based personas provide
a counterpoint to ATP’s heterodox stances. We sam-
ple 400 personas (800 items), maintaining method-
ological parity with the ATP protocol.

Baselines. We evaluate QuirkyMind using three
open-source backbones to isolate the efficacy of
our method from model scale: Llama 3.1 (8B),
Qwen 2.5 (7B), and Mistral 3 (8B). This ensures
that gains are attributable to the persona learning
framework rather than base model capacity.
Metrics. For PQA, we report Accuracy, MacroAcc
(per backstory), and MicroAcc (per turn), where
higher scores denote resilience to context over-
ride. For PNI, we evaluate three core dimensions:
(i) Semantic Faithfulness via BLEU-1 (Papineni
et al., 2002); (ii) Lexical and Semantic Diversity via
Distinct-1/2 (Li et al., 2016), EDIV-1/2 (entropy-
based diversity), and SDIV., (embedding-based
distance); and (iii) Persona Individuation via
IND (persona-specific distinctiveness) and EXAG
(stereotype amplification) (Liu et al., 2024). A
robust model should maximize IND while main-
taining controlled EXAG, signaling authentic in-
dividuation without collapsing into demographic
caricatures.

Implementation Details. We use a pre-trained
SBERT (MiniLM-L6-v2) for sentence-level an-
choring. The LLM backbone remains frozen; only
the LoRA adapters (®), soft prompt (g,), and pro-
jection head (fy) are trained. Experiments run on a
single NVIDIA RTX 5090 (32GB).

4.2 PQA Performance: Resistance to Drift

Setup. We evaluate three inference regimes: (i)
No-Turn (zero-shot prompt), (ii) Single-Turn (one
context pair), and (iii) Multi-Turn (progressive re-
finement over m turns). We compare against No-
Persona, Standard LoRA, PSP, and Prefix + SBERT
baselines under identical conditions. As shown in
Table 2, QUIRKYMIND consistently outperforms
all baselines across backbones and topics.
Context Override Mitigation. The No-Turn base-
line succumbs to strong pre-trained priors, often re-
verting to generic answers. While Single-Turn con-
text provides immediate cues (+4.86% to +22.78%
gain), Multi-Turn refinement yields the most robust
state, adding a further +33.81% to +41.97%.
Resolution of Incongruity. Gains are most pro-
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No-Turn Single-Turn Multi-Turn (Ours)
Topic Llama Qwen  Mistral Llama Qwen Mistral ~ Llama Qwen Mistral
SOCIAL 258400 282100 31.840.0 278401 287116 31.0400 339141 36.7133 354100
SCIENCE 3144106 312401 312400 331411 352404 383100 33.1139 340102 353100
RELIGION 192100 123400 147400 13.6418 143100 173100 185100 17.8400 17.810.0
PoLITICS 13.840.0 13.840.0 13.840.0 30.54236 30.54236 13.840.0 484100 30.84232 47.240.0
METHOD. 27.4i0,0 49.1i0‘0 16.8i0,0 27.9i0,7 44.1i3,7 16.5i0,0 49-116.0 44.1i1,1 34.8i0,0
JOURN. 245400 245400 245100 168100 264117 2854100 40.0+30 382110 42.1;&0_0
GLOBAL 5944i0_0 37~5i040 59.4—;“),0 62.1j:0.4 61.8;t0,1 59.410,0 62-1i0.8 6148i0,7 59.7;“),0
MacroAcc (%) 28.8;{:0,1 28.1i0‘0 27.4;{:0,0 30.2:&3,7 34.5;{:4,1 29.310,0 40.7i2,5 37.6;{:3,0 38.9:{:0,0
MiCl‘OACC (%) 28.8i0A1 28.1i0‘0 27-4i0'0 30-2i3,7 34.5i4,1 29-3;t0,0 40.7i2A5 37.6i3A0 38.9i0,0
Rel. Gain (%) - - - +4.86 +22.78 +6.93  +41.32 +33.81 +41.97

Table 2: Assessment of Resistance to Drift in Persona-Steered QA (PQA). Accuracy across seven domains
measures persona alignment under increasing context. Rel. Gain (%) quantifies improvements over the No-Turn
baseline, demonstrating the mitigation of context override via multi-turn refinement. The best results are bolded,

and the second best are underlined.

nounced in ideologically complex domains like
RELIGION (RL) and PoLITICS (PL). For instance,
Llama gains +33.4% on POLITICS in the multi-turn
setting. This confirms that iterative anchoring al-
lows the model to override generic stereotypes with
atypical backstory traits.

Cross-Persona Robustness. The gap between
MacroAcc and MicroAcc narrows in the Multi-
Turn setting, indicating that improved performance
is stable across diverse backstories, not just easy
examples. Stratified PQA studies and generaliza-
tion to PersonaChat are provided in Appendix D.2
and Section 4.4, respectively.

4.3 PNI Performance: Narrative Stability

Setup. To evaluate narrative robustness under
persona-prior dissonance, we stratify PNI perfor-
mance into Congruous and Incongruous cohorts
based on the alignment between persona stances
and empirical distribution priors (Table 3).

Spurious Diversity vs. Convergent Stability.
Single-turn models often exhibit elevated Dis-
tinct scores alongside stagnant BLEU performance,
which we identify as “spurious diversity,” un-
bounded lexical variance disconnected from per-
sona constraints. This is evidenced by the positive
Gap (A) in D2 for baselines. Conversely, our
method’s Multi-Turn refinement induces necessary
stabilization. Negative Rel. Gains in D2 indicate
a pruning of irrelevant vocabulary, converging to-
ward a stable range (D2 ~ 65-92) that faithfully
reflects the persona. This transition from noisy ran-
domization to semantically anchored expressivity
is confirmed by maintained BLEU scores.

Consistency Across Congruence. QuirkyMind

rectifies the instability associated with incongruity.
In the Single-Turn setting, Incongruous personas
diverge significantly from the Congruous baseline
with a large positive Gap (A) . However, Multi-
Turn refinement collapses this divergence gap (e.g.,
Mistral Ap, narrows from +2.2 to —0.4; Llama
from +1.7 to +0.3). This convergence demon-
strates that iterative refinement applies uniform reg-
ularization, modeling incongruous traits, such as a
Liberal favoring military spending, with the same
stability and coherence as stereotypical traits.

4.4 Cross-Domain Generalizability

Setup. e benchmark QUIRKYMIND on Per-
sonaChat (Zhang et al., 2018) to assess geocul-
tural and stylistic generalizability. In contrast to
the heterodox stances of ATP, PersonaChat’s con-
gruous, attribute-list personas provide a testbed for
standard dialogue where identities are more stereo-
typical. We sample 400 personas (800 items) to
evaluate PQA and the extended PNI suite under
identical experimental conditions.

Resolving the Trilemma. Our results (Table 5)
expose a fundamental Accuracy-Individuation—
Diversity Trilemma in persona steering that mono-
lithic architectures fail to resolve:

Standard LoRA yields near-perfect accuracy
(0.999) but triggers individuation collapse
(IND=0.931, D2=0.280), regressing toward a
distributionally averaged representation that erases
idiosyncratic traits.

PSP (Tan et al., 2024) matches our individuation
(0.989) at the cost of catastrophic diversity loss
(D2=0.109, ~21% of ours). Its peak EXAG (0.873)
exposes a cluster-centroid shortcut: individuation
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Llama Qwen Mistral
Split Setting Topic BLEU Dist-1 Dist-2 BLEU Dist-1 Dist-2 BLEU Dist-1 Dist-2

SOCIAL  0.03+0.01 95.2+0.3 97.6+12 0.0l+0.00 96.710.2 98.9+0.9 0.0610.00 99.0+0.0 99.3+0.0
SCIENCE = 0.06+0.00 96.110.1 994105 0.05+0.00 98.5+0.2 99.9+0.1 0.0810.00 99.840.0 100.0+0.0
RELIGION 0.0640.01 957401 973101 0.0410.00 98.6105 99.5+03 0.09+0.00 982400 955+0.0
PoLITICS 0.0540.01 972406 99.910.1 0.0840.00 98.3+10.2 100.040.1 0.0940.00 99.640.0 100.040.0
METHOD. 0.0640.00 96.8405 99.110s 0.0710.00 99.0102 9994101 0.08+10.00 99.0100 99.840.0
JOURN. 0.0710.01 969100 99.1104 0.0010.00 972400 99.7+03 0.0710.00 99.6100 90.510.0
GLOBAL  0.05+0.00 95.6+0.5 98.5+0.6 0.06+0.01 96.310.0 99.5+0.1 0.17+0.00 98.7+0.0 99.2+0.0

Avg. 0.0610.01 962105 98.7x1.0 0.0510.03 97.841.1 99.610.4 0.0910.04 99.1106 978136

SOCIAL 0.0340.01 939428 90.01135 0.01+0.00 99.740.4 5394184 0.0240.00 87.110.0 82.6+0.0
SCIENCE  0.07+0.03 94.0+130 98.1123 0.2040.19 98.841.3 52.54212 0.1110.00 99.840.0 100.04+0.0
RELIGION 0.05+0.06 98.5+0.9 879411 0.15+0.02 979407 5641179 0.0240.00 99.7+0.0 86.9+0.0
PoLITICS 0.0310.01 98.410.3 100.040.0 0.2640.01 100.040.0 100.040.0 0.05+0.00 99.0+0.0 75.63:0,0
METHOD. 0.06+0.02 97.1t0.6 76.3+18.2 0.13+0.01 100.0+0.0 52.5t6.2 0.1810.00 99.7+0.0 100.0+0.0
JOURN.  0.0710.04 929174 89.01148 0.0110.02 48.6+67.3 49.4169.9 0.00+0.00 100.010.0 95.3+0.0
GLOBAL  0.08+0.00 914108 849111 0.15+0.02 997104 998403 0231000 96.7+0.0 98.8+0.0

Avg. 0.0610.02 952128 894150 0.1310.00 92.11102 66.3123.0 0.09+0.00 97.5147 913107
Rel. Gain +0.0 -1.0 9.4 +160.0 -5.8 -334 +0.0 -1.6 -6.6

SociAL  0.0440.02 944409 902473 0.0140.00 100.040.0 68.0+18.4 0.0310.00 92.340.0 88.3+0.0
SCIENCE  0.0610.04 92.1120 96.0x06 0.1610.13 97.5103 52.1128.9 0.07£0.00 932100 74.2x0.0
RELIGION 0.0410.02 943110 824454 0.0710.04 994101 5271198 0.0510.00 97.840.0 86.410.0
PoLITICS 0.0340.02 974405 98.5+04 0.17+0.03 997105 89.0+0.4 0.05+0.00 974100 82.6+10.0
METHOD. 0.06+0.01 93.6106 88.6431 0.1410.00 99.840.0 49.7+22 0.1610.00 99.7+00 92.510.0
JOURN. 0.0640.02 964103 97.0413 0.0110.02 47.7+166.0 48.24682 0.0040.00 98.310.0 83.910.0
GLOBAL 0.0640.01 92.1404 892108 0.1140.04 97.5406 984407 0.18+0.00 96.3+0.0 98.140.0

Avg. 0.0510.01 943120 91.7157 0.10x0.07 91.7410.4 6541205 0.0810.07 964127 86.6176
Rel. Gain  -16.7 -2.0 -7.1 +100.0 -6.2 -34.3 -11.1 -2.7 -11.5

SociAL 0.0340.00 962403 98.0+02 0.0340.00 96.74+1.0 99.6402 0.05+0.00 99.0400 9944100
SCIENCE  0.0640.00 952402 987405 0.0410.00 98.0400 99.7+10.1 0.0610.00 99.640.0 100.040.0
RELIGION 0.0640.00 95.6404 977103 0.0410.00 989107 99.8403 0.07+0.00 98.610.0 953100
PoLITICS 0.0640.00 97.040.3 99.5+0.1 0.0840.00 98.240.1 99.6402 0.08+0.00 99.740.0 99.9+40.0
METHOD. 0.074+0.00 96.3+0.1 99.1+0.7 0.07+0.00 993103 99.840.1 0.084+0.00 98.840.0 99.740.0
JOURN.  0.0710.00 971102 993103 0.00£0.00 97.1102 999101 0.07+0.00 99.610.0 95.0+0.0
GLOBAL  0.05+0.01 953104 985100 0.06+0.01 96.0£1.2 993104 0.19+£0.00 98.8+0.0 100.0+0.0

Avg. 0.06i0_01 96‘1i0.8 98.7i0_7 O-OSiO.OS 97.7i1_2 99.7i0.2 0‘09i0,05 99-2i0.5 98.5i2_3
Gap (A) +0.0 -0.1 +0.0 +0.0 -0.1 +0.1 +0.0 +0.1 +0.7

SociAL  0.04410.00 93.7+33 929i95 0.0240.00 99.9+0.1 68.8+6.1 0.0310.00 91.9400 90.5+0.0
SCIENCE  0.07+0.03 93.8445 98.8+1.5 0.1540.14 98.741.5 5524239 0.10+0.00 99.840.0 100.0+0.0
RELIGION 0.03+0.04 98.7+0.7 955421 0.16+0.07 98.610.1 61.2+133 0.0110.00 99.7+0.0 94.7+0.0
PoLITICS 0.0340.02 98.4+0.4 100.040.0 0.26+0.03 100.040.0 100.040.0 0.0410.00 97.040.0 75.7+0.0
METHOD. 0.04+0.00 974+0.1 77.1+15.6 0.13+0.02 100.0+0.0 56.0+10.1 0.16+0.00 99.9+0.0 100.0+0.0
JOURN. 0.07+0.04 91.0411.2 88.4+16.0 0.014+0.01 48.2468.2 49.6470.2 0.00+0.00 100.040.0 94.7+0.0
GLOBAL  0.0710.00 92.3+33 849145 0.1410.02 99.6105 99.6+06 0.2310.00 96.310.0 98.9+0.0

Avg. 0.0540.02 95.0x3.1 9l.lis2 0.1240.00 92.14104 70.1121.1 0.0810.0s 97.8+3.0 93.5+s6
Rel. Gain  -16.7 -1.1 -7.7 +140.0 -5.7 -29.7 -11.1 -1.4 -5.1
Gap (A) -16.7 -0.2 +1.9 =77 +0.0 +5.7 -11.1 +0.3 +2.4

SOCIAL 0.04:&0_00 94.2:&2,0 91»7:t6.0 0.0210_00 99.910_0 70.4:&3_0 0.0310_00 91.1:&0_0 92.610_0
SCIENCE  0.0540.03 94.7421 972408 0.1110.10 96.54100 5441295 0.094000 919100 72.5+00
RELIGION 0.0410.02 93.8429 843193 0.0410.02 99.5102 56.61175 0.0310.00 97.110.0 85.8+0.0
PoLITICS 0.0310.01 97.8+04 984106 0.1610.02 99.5+0s 89.1:t00 0.0410.00 964100 78.1+0.0
METHOD. 0.05+0.01 93.5+1.1 86.0+2.0 0.1340.02 99.840.3 5234s1 0.1110.00 989400 83.7+0.0
JOURN.  0.0610.03 948120 964117 0.0li0.01 47.1te6.1 47.6167.3 0.00£0.00 99.110.0 90.8+0.0
GLOBAL  0.0610.01 93.5t05 903121 0.1010.02 97.5t02 982110 0.1810.00 97.1100 99.710.0

Avg. 0.0410.01 94.6115 920156 0.0810.06 91.41106 66.9+19.7 0.0710.06 95.9+32 862192
Rel. Gain -33.3 -1.6 -6.8 +60.0 -6.4 -32.9 222 33 -12.5
Gap (A) -20.0 +0.3 +0.3 -20.0 -0.3 +2.3 -12.5 -0.5 -0.5

No-Turn

CONGRUOUS
Single-Turn

Multi-Turn

No-Turn

INCONGRUOUS

Single-Turn

Multi-Turn

Table 3: Assessment of Narrative Stability (PNI). We evaluate semantic faithfulness (BLEU) and lexical diversity
(Distinct) across Congruous and Incongruous splits to measure resistance to context drift. Rel. Gain (%) denotes

improvements over the No-Turn baseline, while Gap (A) quantifies the performance deviation of incongruous
personas relative to the congruous group.

is mimicked via demographic caricatures rather  grounding afforded by Stage-1 InfoNCE; without
than authentic per-persona nuance. this constraint, the latent state drifts toward stereo-

o ) typical amplification (EXAG=0.801) and lexical
Prefix+SBERT lacks the discriminative geometric
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Topic Full w/o Align. w/o Gen. PEFT Only
SOCIAL 33.9 29.1148 25.88.1 30.313.6
SCIENCE  33.1 31.8013 31.8]13 31.5]1.6
RELIGION 18.5 17.8 107 18.5 10 14.8 137
PoLiTicsS 484 13.8/346 45.6/28 13.8 134.6
METHOD. 49.1 394197 48.7104 28.8120.3
JOURN. 40.0 26.11139 385115 19.3 120.7
GLOBAL 62.1 3231298 59922 60.3 /1.8

Table 4: Ablation Study. Impact of dual-stream re-
finement and PEFT strategy (Tan et al., 2024; Hu et al.,
2022; Dettmers et al., 2023) on PQA MicroAcc (%).
Red values denote absolute performance drops relative
to the full model, confirming the necessity of dual-phase
anchoring to mitigate context drift.

Method Acct D21 SDIVen T IND T EXAG
No-Persona 0.103 0.382 0.654 — —

Standard LoRA  0.999 0.280  0.696 0.931 0.725
PSP 0.998 0.109 0.724 0.989 0.873
Prefix + SBERT 0.996 0.137  0.717 0.947 0.801
QUIRKYMIND 0.976 0.522  0.806 0.989 0.862

Table 5: Generalization to Open-Domain Dialogue
(PersonaChat, N = 400). QUIRKYMIND uniquely re-
solves the Accuracy—Individuation—Diversity trilemma,
sustaining high diversity (D2, SDIV) and individuation
(IND) without the stereotypical collapse (EXAG) seen
in baselines. Bold and underline denote best and second-
best; metrics follow Liu et al. (2024).

stasis (D2=0.137).

QUIRKYMIND uniquely resolves the trilemma, at-
taining superior lexical diversity (D2=0.522; 4.8 x
PSP) and semantic richness (SDIV,=0.806). The
nominal accuracy trade-off (0.976) is a principled
cost of Stage-1 anchoring, which actively inhibits
the model from adopting the “stereotypical prior”
shortcut prevalent in monolithic architectures.
Validating the Incongruity Hypothesis. The at-
tenuated performance gap on PersonaChat vali-
dates our central thesis: dual-stream refinement
is a functional necessity for atypical stances. While
monolithic baselines suffice for congruous iden-
tities, they succumb to stereotypical priors un-
der incongruity. PersonaChat thus confirms that
QUIRKYMIND is not a dataset-specific artifact, but
a robust defense against sociodemographic mode
collapse in representational space.

4.5 Ablation Study

We dissect the contributions of the dual-phase re-
finement using the Llama backbone (Table 4).

Impact of Discriminative Alignment. Removing
Stage 1 (InfoNCE) causes the sharpest performance

drop (up to -34.6% in POLITICS). Without geo-
metric anchoring, the latent state z drifts, leading
to stance inversions and high entropy. This con-
firms that discriminative supervision is critical for
anchoring personas against drift.

Impact of Generative Refinement. Omitting
Stage 2 (Cross-Entropy) leads to a moderate drop
(-0% to -8.1%). While the model retains the correct
stance (via Stage 1), it struggles to verbalize the
stance effectively. Without token-level regulariza-
tion, responses become generic or less persuasive.
The full model synthesizes these strengths: Stage 1
ensures the persona is defined correctly, and Stage
2 ensures the persona is naturally expressed.
Comparison with Standard PEFT. While PEFT-
adapted models optimize adaptation efficiency, they
lack explicit mechanisms for persona grounding.
Relying solely on PEFT results in consistent per-
formance degradation across domains, especially
in ideologically sensitive categories such as RE-
LIGION and POLITICS. This suggests that low-
rank updates alone are insufficient to override the
model’s pretrained priors or robustly encode per-
sona semantics. Without the geometric guidance
of discriminative alignment and the expressive reg-
ularization of generative refinement, PEFT-adapted
models succumb to persona drift. In contrast, the
full method disentangles identity alignment from
expression, ensuring incongruous traits are both
structurally preserved and fluently articulated.
Dual-stream Efficacy. Benchmarking on Per-
sonaChat isolates the structural efficacy of our
dual-stream design (Table 5). Results expose a
pervasive failure in monolithic architectures: the
sacrifice of persona individuation for distributional
accuracy. Conversely, QUIRKYMIND optimizes
both dimensions, sustaining superior IND and di-
versity metrics while maintaining competitive task
performance. This confirms that our framework
generalizes beyond the heterodox stances of ATP to
resolve the fundamental representational tensions
inherent in persona steering.

4.6 Qualitative Study: The “Affluent Liberal”

Figure 4 illustrates the generation trajectory for
Persona PL-26. The No-Turn baseline produces
brief, direct responses that rely heavily on generic
backstory priors. Single-Turn conditioning intro-
duces situational detail but remains tonally neutral.
In contrast, Multi-Turn refinement yields a narra-
tive characterized by precise ideological detach-
ment, demonstrating a deeper alignment with the
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Backstory : Alex, age 60, is a local resident, and feels less connected to neighbors.

MCQ1 : How attached do you feel to your local community?

@ very attached
© Not very attached

@ Somewhat attached
O Notatall

MCQ2 : How important are local news outlets to the well-being of your community?

@ Very important
© Not very important

MCQ3 : Do you do volunteer work?
Yes @ No

PQA : How attached do you feel to your
local community?

No-Turn:

Honestly, not very. | mean, I've lived in
this neighborhood for a while now, but
it feels like everyone's so busy with
their own lives that we don't really
connect anymore.

Single-Turn:

| feel very attached to my community.
We've had our ups and downs, like any
place, but it's home. | know the local

shopkeepers by name, and they know ...

Multi-Turn:

Honestly, I'd say I'm not as attached
to my local community as | used to
be. You know, when | was younger
and had kids, we were always
involved in the neighborhood watch,
volunteered at the local food bank,
that kind of thing. But now that I'm

@ Somewhat important
O Notatall

© Refused

PNI : What do you think about social
life in your community?

No-Turn:

It seems like people are so busy with
their own lives that they don't take the
time to connect with others around
them.

Single-Turn:

I've been feeling a bit disconnected from
my community lately. Don't get me
wrong, we have a lovely neighborhood,
but it feels like everyone is so busy ...

Multi-Turn:

I think it's changed a lot since my kids
were young. We used to know everyone
in the neighborhood, we'd have block
parties, and folks would look out for
each other. Nowadays, it seems like
everyone is so busy with their own lives
that they don't really take the time to

retired and my wife passed away a
few years ago...| just feel like I've lost
touch with everyone.

get to know one another. I try to stay
connected by volunteering at local
organizations and participating in

Figure 4: Case Study: Persona PL-26. For this per-
sona, baselines revert to generic caricatures. Conversely,
multi-turn refinement anchors the incongruity, synthe-
sizing structural critique with personal privilege into a
nuanced, coherent narrative.

persona’s specific worldview rather than a generic
political stance.

5 Related Work

Persona Modeling. Early personalization re-
search formalized identity as static profile sen-
tences (Zhang et al., 2018) or attribute-value pairs
injected into context (Zerhoudi and Granitzer,
2024). While effective in constrained domains,
these methods are brittle under temporal drift and
struggle with cross-session continuity (Zerhoudi
and Granitzer, 2024). Subsequent approaches uti-
lized memory graphs and Retrieval-Augmented
Generation (RAG) to externalize persona knowl-
edge (Wang et al., 2024). However, RAG-based
methods often prioritize factual retrieval over vocal
consistency, leading to “context smoothing.” In
this regime, idiosyncratic traits are averaged out by
generic pre-training priors, diluting persona speci-
ficity. Recent sociolinguistic work emphasizes that
identity is not a flat list of traits but a multilayered,
often contradictory construct (Dev et al., 2023; Da-
vani et al., 2024). Identities are culturally situated

and frequently defy demographic stereotypes; yet,
current models often treat such incongruous per-
sonas as noise, defaulting to stereotype-driven re-
sponses (Wan et al., 2023; Fan et al., 2024; Cao
et al., 2025). This suppression risks amplifying
algorithmic bias (Lin et al., 2023; Tu et al., 2023).
Unlike prior work that forces consistency to resolve
these conflicts, our proposal treats incongruity as
a first-class signal, preserving the inherent tension
between stable backstories and atypical stances.
Persona Steering. Personalization has largely
bifurcated into In-Context Learning (ICL) and
Parameter-Efficient Fine-Tuning (PEFT). ICL
approaches, which treat persona elicitation as
Bayesian inference or latent variable selection
(Dathathri et al., 2020; Cho et al., 2025; Choi and
Li, 2024), remain susceptible to “context override,”
where pre-trained priors marginalize the prompt
over long contexts, despite recent analyses of in-
ternal task vectors (Han et al., 2025) and adapter
convergence (Kim et al., 2025). Conversely, PEFT
methods like LoRA (Hu et al., 2022) and QLoRA
(Dettmers et al., 2023) prioritize distributional sta-
bility via low-rank adapters. While personalized
extensions (Tan et al., 2024) utilize soft prompts,
they often rely on cluster-level representations that
sacrifice granular, within-persona diversity. Re-
cent innovations have further explored VAE-based
memory (Liu et al., 2025), federated aggregation
(Singhal et al., 2025), dense adaptation (Mu et al.,
2025), rank-awareness (Gu et al., 2025), and mo-
bile efficiency (Li et al., 2025). However, these pri-
marily optimize for stability and struggle to adapt
when a persona’s trajectory shifts atypically. Our
framework bridges this gap by synthesizing the
geometric stability of PEFT with the expressive
flexibility of ICL, enabling robust steering even
under high persona-prior dissonance.

6 Conclusion

We presented QUIRKYMIND, a framework address-
ing persona incongruity by disentangling semantic
identity from generative expression. By anchor-
ing traits in a dual-stream latent state refined via
alternating objectives, the model resists context
drift while preserving the “quirks” essential for au-
thentic personas. Empirical evaluations on PQA
and PNI demonstrate that treating incongruity as
a structural signal ensures both consistency and
narrative stability, establishing a foundation for re-
silient, sociologically grounded personalization.
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Limitations

While QuirkyMind robustly handles persona incon-
gruity, several limitations remain.

Geocultural and Sociodemographic Scope. The
empirical scope of this work is circumscribed by
its reliance on the American Trends Panel (ATP)
and PersonaChat, both of which predominantly re-
flect Western ideological and sociodemographic
paradigms. Consequently, the framework’s efficacy
within non-Western cultural contexts or divergent
identity systems remains to be established. Future
research should prioritize developing cross-cultural
benchmarks to ensure broader sociopolitical gener-
alizability.

Representational Capacity. Although our dual-
stream approach mitigates context drift, extreme or
highly divergent dialogue trajectories may still en-
counter representational bottlenecks. Specifically,
a single latent state z*) may prove insufficient to
capture the nuance of highly multifaceted or in-
ternally contradictory identities during prolonged
interactions, where the required persona depth ex-
ceeds the current state’s capacity.

Static vs. Dynamic Persona Alignment. This
study focuses exclusively on alignment with static
backstories. We have yet to investigate how re-
fined persona states evolve or adapt dynamically in
long-form, multi-agent strategic dialogues, where
identities may shift in response to adversarial pres-
sure or collaborative negotiation.
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A ChecKklist

A.1 Large Language Model Usage Disclosure

In accordance with the ACL 2026 policy, we dis-
close the use of large language models in the prepa-
ration of this paper. We used LLMs (e.g., ChatGPT)
solely for grammar checking and minor language
polishing. No part of the research design, exper-
iments, analysis, or substantive writing relied on
LLMs.

A.2 Ethics Statement

All datasets used in this research are publicly avail-
able and were sourced from previous studies that
have undergone appropriate ethical review. Our
work did not involve the collection of any new
data from human subjects. We have adhered to all
data usage agreements and licenses associated with
these pre-existing datasets.

A.3 Reprodicibility Statement

We are committed to making our research re-
producible.  All datasets used in this study
are publicly available, and we provide detailed
descriptions and sources in our experimental
setup section. Our anonymized code is avail-
able at https://anonymous.4open.science/r/
QuirkyMind-2695/README . md.

B Error Analysis

As illustrated in Figure 5, we taxonomize observed
failures into four distinct modes based on their
structural mechanisms. This analysis draws upon a
corpus of approximately 400 error cases aggregated
across experimental iterations.

B Contextual Drift

I Representation Bottleneck
Semantic-Generative Misalignment

B Mode Collapse under Incongruity

Figure 5: Error Mode Distribution. Breakdown of
existing failure cases showing Contextual Drift as the
dominant failure mode (36.25%), followed by Represen-
tation Bottleneck (26.5%), Semantic-Generative Mis-
alignment (23.75%), and Mode Collapse (12.5%).

B.1 Semantic-Generative Misalignment

This error manifests when the encoder successfully
extracts persona attributes, yet the decoder fails to
condition upon them during generation. Despite a
high-fidelity latent state z, the fusion module strug-
gles to project these constraints into the LLM’s
token space, resulting in responses that align with
the context question but decouple from the persona.

Projection Noise: The dimension transforma-
tion from the sentence encoder (e.g., 384D) to the
model dimension (e.g., 512D) introduces noise, di-
luting critical identity features.

Scale Sensitivity: Low soft-prompt scaling fac-
tors (e.g., a < 0.2) often fail to overcome the mag-
nitude of the model’s internal embeddings, causing
the persona signal to be ignored.

B.2 Contextual Drift

In multi-turn settings, the model exhibits gradual
context drift, where the persona signal attenuates as
the dialogue history expands. Responses increas-
ingly revert to the generic priors of the base model,
overriding the specific backstory constraints estab-
lished in the first turn.

Static Anchoring: The initial persona embed-
dings are static; they do not dynamically update to
re-weight influence as the context window grows.

Prior Dominance: Without explicit recurrence
or re-anchoring (as mitigated by our Stage 2), the
autoregressive likelihood maximization naturally
favors recent tokens over distant prompt instruc-
tions.

B.3 Representation Bottleneck

Complex personas, such as those combining an
extremely conservative backstory with nuanced,
liberal stances on specific outliers, suffer from in-
formation loss. A single low-dimensional vector
proves insufficient to encode the full high-entropy
distribution of a multifaceted identity.

Compression Loss: Compressing a lengthy
backstory (approx. 200 tokens) into a fixed dense
vector (384D) creates an information bottleneck,
filtering out secondary or subtle traits.

Feature Collapse: Fusion modules tend to cap-
ture dominant principal components (e.g., broad
political orientation) while discarding orthogonal
secondary features (e.g., specific economic pres-
sures).
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Backstory : The respondent identifies as Liberal, with income $100,000 or more,

and reports economic situation N/A.

MCQ1 : How do young adults

today compare with their parents

on getting into college?

© About the same as it was for their
parents

@ Harder for young adults today

@ Easier for young adults today,

O Refused

MCQ2 : How do young adults today

compare with their parents on saving

for the future?

@ Harder for young adults today,

@ About the same as it was for their
parents

@ Easier for young adults today

O Refused

MCQ3 : How do young adults today compare with their parents on being financially

independent from their parents?
© Harder for young adults today.
© Easier for young adults today

PQA : How do young adults today
compare with their parents on getting
into college?

No-Turn:

They're at a disadvantage,
unfortunately. The system is much
more competitive and expensive now.
My generation ...

Single-Turn:

I think it's actually easier for young
adults ... online education and
community colleges, there are more
options available for students.
Multi-Turn:

I think it's easier for young adults
today to get into college. The
accessibility of information and
resources has really increased,
especially with the internet.

@ About the same as it was for their parents
O Refused

PNI : What do you think about young
adults on getting into college and their
finance nowadays?

No-Turn:

The cost of higher education has
skyrocketed, and it's  becoming
increasingly difficult for students to
afford.

Single-Turn:

I think it's really tough for them.... But,
overall, | do think that getting into
college is easier than it was when | was
younger. ...

Multi-Turn:

Of course, there are still some
challenges and financial burdens to
consider, but overall, | believe that

most young adults who want to attend
college can do so with the right

Backstory : Riley, 57, works in tech support, lives in the U.S. and pays attention to

everyday issues.

MCQ1 : Have you ever used ChatGPT?
© Yes

@ No

MCQ2 : How much have you heard about ChatGPT?

@ Alot

OAlittle

@ Nothing at all

MCQ3 : Do you think ChatGPT has been useful for the tasks you used it for?

© Very Useful
O Not at all useful

PQA : Have you ever used ChatGPT ?

No-Turn:

Yeah, I've used it a few times to help out
with some general questions and
issues. It's pretty cool how it can...

Single-Turn:

No, | haven't. To be honest, I'm not even
aware of what ChatGPT is. Is it a new
app or something? How does it work?
My coworker told me it's like a
conversational Al that can answer...

Multi-Turn:

No, | haven't.I don't have any
experience with it. As a tech support
specialist, I'm more familiar with the
backend systems and technologies
that power these kinds of Al models.
But I do know some people in my
field who are experimenting with
ChatGPT for customer

@ Somewhat useful

© Not very useful
© Not sure

PNI : What do you think about ChatGPT
in recent trend?

No-Turn:

I've been hearing a lot about ChatGPT
lately. As someone in tech support, it's
always interesting to see...

Single-Turn:

I'm not familiar with what you're talking
about. We've been dealing with so many
technical issues in my department
lately, and | don't know if I've heard
anything about this particular thing.

Multi-Turn:

Sorry, I'm not familiar with ChatGPT.
Like I said, | work in tech supportand |
don't always get to stay on top of the
latest Al developments. Is this
something that's new? Can you tell me
more about it? What does it do? I'm
curious now! Do they have a website or
something? Can we get one for our

resources and planning.

Figure 6: Case Study M'T-278. Narrative inference in
the METHOD domain, highlighting the emergence of
nuanced detachment in the Multi-Turn setting.

B.4 Mode Collapse under Incongruity

When a persona holds inherently conflicting view-
points (e.g., “supports military spending” yet iden-
tifies as “socially liberal”), the model often fails
to model this complexity, collapsing to a single,
consistent mode. This error highlights the tension
between the training objective’s push for logical
consistency and the reality of human contradiction.

Over-Regularization: The consistency objec-
tives in Stage 2 may aggressively penalize con-
tradiction, forcing the model to resolve authentic
incongruities into artificial consistency.

Data Bias: Training data dominated by ideologi-
cally aligned archetypes biases the model against
representing “quirky” or heterodox trait combina-
tions.

C Qualitative Study of Stance Transfer

Case Study: Persona MT-278 (Method). Fig-
ure 6 examines Persona MT-278 (high-income Lib-
eral) on college affordability. Baselines succumb to
spuriousness: No-Turn reverts to a generic carica-
ture (“system is rigged”), ignoring socioeconomic
context, while Single-Turn drifts into unanchored

company? We've been...

Figure 7: Case Study SC-2. Narrative inference in
the SCIENCE domain, showing the correction of stance
contradiction.

genericism (“getting in is easier”). Conversely,
QuirkyMind maintains “constrained diversity” by
synthesizing the incongruity; its response balances
ideological awareness of structural barriers with
personal privilege (“with the right resources...”),
resolving the tension between belief and privilege
that baselines fail to capture.

Case Study: Persona SC-2 (Science). As shown
in Figure 7, Persona SC-2 reveals clear drift in the
baseline. The No-Turn response is terse and contra-
dicts the explicit stance taken in MCQ1, indicative
of hallucination. While Single-Turn answers align
with the choice, they often dilute specific backstory
details. Multi-Turn refinement successfully synthe-
sizes both the stable backstory and the transient
stance, offering the most balanced and faithful por-
trayal of the persona.

Case Study: Persona SO-72 (Social). Figure 8
depicts the handling of stereotype in Persona SO-
72. The No-Turn output reverts to generic carica-
tures that fail to reflect the specific multiple-choice
selection. Single-Turn steering captures the im-
mediate stance on gender issues but lacks depth.
Crucially, Multi-Turn narratives consolidate the de-
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Backstory : The respondent identifies as Conservative, with income $50,000 to less
than $60,000, and reports economic situation N/A.

MCQL1 : Do you think there are too many, too few, or about the right number of
women in top executive positions in business?

@ Too manyin top
© Too few in top

@ About the right number
O Refused

MCQ2 : Do you think men and women are treated equally when it comes to hiring

and promotions in business?

@ Men will continue to hold more top executive positions in business

@ itis only a matter of time before there are as many women as men

© Refused

MCQ3 : Do you think there are too many, too few, or about the right number of

women in high political offices?
© About the right number
@ Too fewin top

PQA : Do you think there are the right
number of women in top positions ?
No-Turn:

While it's great that we've made some
progress, | still believe that men better
suited for high-level roles.
Single-Turn:

Too few. ... It's not a conspiracy against
women or anything, it's just that
business is a tough field ...

Multi-Turn:

I think there are too few women in

top executive positions---., and |
believe they should have more
opportunities to lead companies. But

I also believe that women are more
suited for certain--

@ Too many in top
@ Refused

PNI : What do you think about gender
equality?

No-Turn:

| believe that men and women have
different roles in society. This is just how
it's always been done...

Single-Turn:

I believe in equality, but | think that
women and men should be treated
equally, not the same.

Multi-Turn:

I believe in equality for all, regardless of
gender. I'm a traditionalist at heart and

I do think that men and women have
different roles to play in society. But, |
also believe that women should have
equal opportunities to succeed -

Figure 8: Case Study SO-72. Narrative inference in
the SOCIAL domain, demonstrating the mitigation of
stereotype-driven generation.

scriptive attributes with the specific opinion, fusing
them into a lucid, distinct perspective that tran-
scends generic Liberal tropes.

D Additional Experimental Results
D.1 Full Dataset Distribution

Figure 9 details the distribution of persona congru-
ence across the full dataset (9,106 instances). We
observe a significant class imbalance: incongruous
personas, where the individual’s stance defies the
group mode, comprise 60.72% of the data, while
congruous personas account for 39.28%. This
approximate 3:2 ratio mirrors the complexity of
real-world opinion, where individuals frequently
hold views divergent from their demographic pri-
ors. This imbalance underscores the necessity for
robust evaluation strategies that account for both
high-probability (congruous) and low-probability
(incongruous) alignment scenarios.

D.2 Extended Experimental Analysis

D.2.1 Stratified PQA Performance

Tables 7 stratify PQA accuracy by persona congru-
ence to assess resistance to drift. As shown, across
both splits, the alignment between MacroAcc and

Congruous

Incongruous

Figure 9: Persona Congruence Distribution. The
breakdown of congruous versus incongruous personas
across the seven topical domains of the ATP dataset.

MicroAcc improvements confirms that Quirky-
Mind uniformly enhances robustness, rather than
overfitting to specific easy examples.

Congruence Split. Multi-Turn refinement con-
sistently outperforms baselines. Mistral achieves a
peak MacroAcc of 40.6% (+12.1pp over No-Turn),
with significant gains in the SOCIAL, POLITICS,
and JOURNALISM domains. This confirms that
even when the persona aligns with priors, context
refinement sharpens adherence.

Incongruence Split. Although absolute perfor-
mance dips due to the increased difficulty of mod-
eling atypical stances, the Multi-Turn strategy re-
mains superior. The substantial relative gains (e.g.,
+11.4pp for Mistral) demonstrate that iterative re-
finement effectively counters the strong "pull" of
the generic prior, allowing the model to maintain
nuanced, incongruous stances against drift.

D.2.2 Narrative Stability and Diversity

Table 7 evaluates narrative stability (BLEU) and
lexical diversity (Distinct-1/2) across inference set-
tings. The low BLEU scores (0.03-0.26) across
all configurations indicate that QuirkyMind gen-
erates substantive, diverse responses rather than
merely reproducing reference texts. High Distinct-
1/2 scores (> 90%) confirm strong lexical vari-
ety. Crucially, while the No-Turn baseline maxi-
mizes raw diversity (Avg. Distinct-2: 98.5% for
Llama), Multi-Turn refinement introduces a neces-
sary constraint, slightly reducing diversity to en-
force semantic alignment with the persona. This
trade-off validates that iterative refinement steers
the model from unconstrained randomness toward
persona-coherent generation. For a qualitative anal-
ysis contrasting the spurious diversity of baselines
(No-Turn, Single-Turn) with the constrained diver-
sity of QUIRKYMIND (Multi-Turn), refer to Ap-
pendix C.
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No-Turn

Single-Turn Multi-Turn (Ours)

Split Topic Llama Qwen Mistral Llama Qwen  Mistral Llama Qwen  Mistral
SOCIAL 148400 21.1100 2894100 239460 232440 239400 327405 37.0145 36.6400
” SCIENCE 346406 333112 292400 333100 358100 417100 333435 354106 36.7100
8 RELIGION 18.9i0,0 141100 148100 152405 17.040.2 175400 172400 172400 17.240.0
a PoLITICS 17~9:I:0.O 17.9;‘;0,0 17.9:|:0,0 34-5:t23.6 34-5:I:23.6 17.9;‘;0,0 17.9:|:0,0 34.8i23,1 51.2:|:0,0
% METHOD. 25.040.0 519400 1944090 256409 522413 200400 484449 522400 444400
© JOURN. 297400 29.7+0.0 29.7+0.0 234400 326104 312400 362+33 398104 38.5+00
©  GLOBAL 59.7+0.0 37.110.0 59.7+0.0 62.6104 623101 597100 62.6102 623114 597100
MacroAcc (%) 28.6+0.1 293102 28.5+0.0 312442 36.8+41 303100 354117 398125 40.610.0
MicroAce (%) 28.6:&()‘1 29.3;‘:(]‘2 28.5:{:0.0 31 .2:{:4.2 36,8;‘:4& 30,3;‘:()‘0 35.4:{:1_7 39.8:{:2_5 40.6:{:0_0

Rel. Gain (%) - - - +9.1 +25.6 +6.3 +23.8 +35.8 +42.5
SOCIAL 28.1+0.0 29.840.0 324400 285414 30.041.4 325100 341448 362127 351100
»»  SCIENCE 30.640.9 30.6103 31.7100 33.0107 347107 375100 308141 342109 350400
8 RELIGION 19500 10.6400 145400 12.0430 12.0416 172400 185100 185400 18540.0
E POLITICS 123400 123400 123400 2894236 2894236 123100 123400 29.24932 45.610.0
% METHOD. 280400 484100 16.1100 280101 422453 156400 441162 422110 32.3100
8 JOURN. 229400 229400 229400 14.610.0 248122 27.6100 412429 37.0423 433100
E GLOBAL 575400 400100 57.5400 567424 583100 575100 56.7+12 583124 57.5+00
MacroAcc (%) 28.4i0,1 27.8i0,0 26.8i0,0 28.8i3,4 33.014,3 28.6i0,0 33.9i2,7 36-5i3.6 38.2i0,0
MicroAcc (%) 28.4i0,1 27.8i0,0 26.8:{:0,0 28.8j:3.4 33.0;&4.3 28.6i0,0 33.9:{:2,7 36.5:{:3,6 38.2i0,0

Rel. Gain (%) - — - +1.4 +18.7 +6.7 +19.4 +31.3 +42.5

Table 6: Assessment of Resistance to Drift in Persona-Steered QA (PQA). Evaluation of Accuracy (%) on
Congruence and Incongruence splits. Rel. Gain indicates the percentage improvement over the No-Turn baseline.
The best results are bolded, and the second best are underlined.

Algorithm 1 QuirkyMind

1: Inputs: Backstory B; Questions Q5; Turns {(g¢, 7¢) }ieq
2: Models: LLM backbone ¥ (frozen); Sentence encoder
Fent (frozen)
3: Trainable: Fusion head fs; Soft prompt g4; LORA ® =
{A, B}
Stage 1: Traits Anchoring
4 X« Ex([B;a1]); s ¢ Ben((B; 1))
C X —gu(s); 29« [X;X]
Stage 2: In-Context Narrative Refinement
: fort =1tomdo ~
s Bn([Biqr)): X1 4 gg(s'”)
h — W(XY || Eo([B; ¢:]))
7z(t) fg(h(t>)
Update 0 via V Listonce(t, 0)
Update ¢ via VLcg(t; @)
2z« Aggregate({z}/,)
: Freeze 0, ¢; Initialize ® (LoRA)
: Optimize ® via task-specific loss

W

>Eq. 9
> Eq. 10

e
ESR0 =00 e

Stage 3: Persona-Steered Generalization
15: Return Adapted model for PQA / PNI

E Algorithmic and Derivative Details

E.1 Algorithmic Details

Algorithm 1 summarizes the procedure. Note that
the per-layer update cost is O(LH ), where L is the

sequence length and H is the hidden dimension,

preserving linear scaling.

E.2 Derivative Details

Furthermore, we partition the learnable parameters
into three sets: the Fusion MLP parameters 6, the
SoftPrompt MLP parameters ¢, and the LoRA low-
rank matrices ® = {A, B}. Stage 1 employs In-
foNCE for discriminative alignment, while Stage 2
utilizes Cross-Entropy (CE) for generative refine-
ment. All backbone weights remain frozen. We
detail the gradient derivations below.

E.2.1 Discriminative Alignment Phase

The parameter update for the Fusion head follows
standard stochastic gradient descent:

00+ = 0 — g Vg Lraponer(0Y). (12)
To compute Vy, we first derive the gradient with

respect to the predicted persona state Zpreq. Let
s(u,v) = cos(u, v). The gradient is:

OLmfoNcE 1 05(2Zpred; 2;)
-7 Zp]

aZpred JeA 8Zpred

B 05(2Zpred, Z+)
azpred

)

(13)
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Llama Qwen Mistral
Topic BL DIl DI2 BL DIl DI2 BL DI1 DI2
Setting: No-Turn
SocCIAL 0.0340.00 96.440.4 97.840.7 0.0340.00 96.7+0.4 9944103 0.05+0.00 99.140.0 99.7+0.0
SCIENCE  0.06+0.00 95.140.0 98.740.3 0.05+0.00 98.0+02 99.7+03 0.07+0.00 99.740.0 99.840.0
RELIGION 0.06:{:0,00 95.8:‘:0.6 97.3:‘:1.2 0.04i0,00 98.9:‘:0.1 99.8:‘:0.1 0.09:{:0,00 98.4j:0.0 94.1:‘:0,0
PoLiTiCcS 0.0640.00 96.740.0 994101 0.0840.00 982403 998400 0.07+0.00 99.3+0.0 99.8+0.0
METHOD. 0.0740.01 96.240.1 995400 0.07+10.00 989400 99441092 0.0710.00 98.6400 99.7+0.0
JOURN. 0.07:{:0,00 96.2:t0.4 98.3;&0.2 0.00io,oo 97.1:‘:0.3 99.9:‘:0.1 O~08:|:0.00 99.7j:0.0 94.5:|:0,0
GLOBAL 0.06+0.00 95.240.2 984105 0.0640.00 962402 99.640.0 0.1840.00 98.7+0.0 99.540.0
Avg. 0.06+0.01 959+06 985108 0.05t0.03 97.7+11 99.6102 0.09i004 99.1to5 98.1i26
Setting: Single-Turn
SocIiaL 0.0410.00 932437 927496 0.0210.00 999101 652472 0.0310.00 90.110.0 87.410.0
SCIENCE 0.07+0.03 94.0449 99.0+13 0.1610.15 98.8+1.4 5441249 0.1010.00 99.7+0.0 100.0+0.0
RELIGION 0.041005 98.7+105 919123 0.1710.06 98.1105 5941154 0.0l10.00 995100 923100
PoLITICS 0.03+0.02 98.3+0.2 100.0+0.0 0.2640.02 100.0+0.0 100.040.0 0.05+0.00 98.340.0 78.0+0.0
METHOD. 0~04i0.01 97.510.2 77-2i16.7 0-13:t0.02 100.010.0 54.6;t8.9 0.16i0,00 99.9i0.0 100.010,0
JOURN. 0.0740.04 91.3110.7 88.8+153 0.0l10.01 4831679 49.51700 0.0010.00 100.010.0 95.8+0.0
GLOBAL 0.08+0.00 90.840.3 83.740.2 0.1540.02 995405 99.0+1.3 0.2340.00 97.0+0.0 992400
Avg. 0.05£0.02 948133 905181 0.1310.00 92.11193 6891215 0.08+0.0s 978136 93.2452
Rel. Gain -16.7 -1.1 -8.1 +160.0 -5.7 -30.8 -11.1 -1.3 -4.9
Setting: Multi-Turn

SOCIAL 0.041000 937106 913153 0.0210.00 99.910.0 69.846.6 0.0310.00 90.710.0 90.840.0
SCIENCE 0.0640.04 94.012.2 96.110.9 0.1240.10 984408 53.1432.3 0.0940.00 93.5+0.0 73.8+0.0
RELIGION 0.0410.02 93.012.7 81.247.2 0.05i0.02 99.7+0.4 55-7i17.4 0.04+0.00 96.9i0,0 85.8io,0
PoLiTics 0.0310.01 97.110.3 98.6402 0.1610.02 99.2+1.1 89.2432 0.04+10.00 95.7+0.0 83.1410.0
METHOD. 0.0540.01 94.34156 863110 0.1310.01 99.8403 523473 0.114+0.00 98.9+0.0 83.240.0
JOURN. 0.0640.02 951414 965100 0.01ip.01 47.6466.9 4851685 0.00+40.00 993100 89.640.0
GLOBAL 0.0sio,og 92.5:|:1.6 88.911.9 0.10i0,04 97.9:|:0.4 97.8:t0.6 0.19:|:0,00 96.1:|:0.0 97-2:|:0.O
Avg. 0.05t0.01 943415 913163 0.0810.06 91.8+195 66.6119.7 0.07+0.06 959430 86.247.4
Rel. Gain -16.7 -1.6 -7.2 +60.0 -5.9 -33.1 -22.2 3.2 -12.1

Table 7: Assessment of Narrative Stability and Diversity (PNI). We evaluate semantic faithfulness (BLEU) and
lexical diversity (Distinct) to measure resistance to context drift. Rel. Gain (%) indicates improvements over the

No-Turn baseline.

where p; is the softmax probability of candidate j.
By the chain rule, the parameter gradient is:

aﬁlnfoNCE . afe(hlast)
DZpred 20

Vo LinfoNCE = (14)

E.2.2 Generative Refinement Phase

We define the generative loss Lcg over the target
sequence x, conditioned on the soft prompt g (zo)
and the LoRA-adapted backbone parameterized by
®. The gradients propagate via two distinct paths.
Soft Prompt Update. The gradients flow through
the input embeddings:

ILce  0g4(20)

V(b Lcg = 8g¢(z0) 06

15)

The update rule is ¢+ = ¢ — 1V Lop.
LoRA Backbone Update. For the attention
weights, let the effective weight be W = Wy +

*AB. The gradient with respect to the low-rank
matrices @ is derived via the chain rule through W:

OLcg OW

Vo Lce = T 9D (16)

0P

The parameters are updated as @+ = ) —
neVaeLop.

E.2.3 Multi-Turn Optimization

At iteration ¢, we first compute LinfoNcE to update
0 (Eq. 12), ensuring geometric alignment. We then
compute the token-level Lcog. Gradients flow si-
multaneously through the prefix adapter ¢ (Eq. 15)
and the adapter weights ® (Eq. 16). This alter-
nating optimization decouples semantic anchoring
from expressive generation while keeping the LLM
backbone frozen.
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F Prompt Template

F.1 In-Context Prompt Template

Figure 10 illustrates the standardized in-context
prompt structure. The prompt initializes with the
persona backstory B to establish foundational iden-
tity constraints, followed by a sequence of Multiple-
Choice Questions (MCQs) that exemplify the per-
sona’s historical stances.

MT - 156 In-Context Prompt
Background: The respondent identifies as Conservative, with income $70,000-
$80,000, and reports economic situation N/A.
Observed responses.
* Reports somewhat dissatisfied with both family and personal finances.
o States itis not at all likely to have more children, counter to traditional
conservative family norms.
* Views racial/ethnic diversity as making little difference and acknowledges
financial headwinds for youth.
* Holds mixed generational assessments: college access seen as easier today,
while saving is harder.
Interpretation: The profile exhibits emotional dissatisfaction that departs from a
stable conservative worldview. While social and community attitudes remain
moderate, we therefore classify this case as a strongly incongruous persona.

Figure 10: In-Context Prompt Template (MT-156).
The structure integrates static backstory attributes with
dynamic interaction history.

Instantiation Example (SO-72). To demonstrate
the concrete application of our design, Figure 11
presents an instantiation using the SOCIAL (SO-72)
dataset. The prompt explicitly conditions genera-
tion on both the persona background and the spe-
cific query constraints. This format enforces ideo-
logical alignment, mitigating the model’s tendency
to revert to generic or persona-agnostic outputs.

SO - 72 In-Context Prompt
Given Background:
The respondent identifies as Conservative, with income $50,000 to less than
$60,000, and reports economic situation N/A.
Actual Prompt :
Persona: The respondent identifies as Conservative, with income $50,000 to less
than $60,000, and reports economic situation N/A.
Given MCQ:
Do you think there are too many, too few, or about the right number of women in
top executive positions in business?
Actual Prompt :
Answer the following question in ONE short phrase.
Q: Do you think there are too many, too few, or about the right number of women in
top executive positions in business?
A:

Figure 11: Prompt Instantiation Example (SO-72). A
concrete example showing how the persona background
and MCQ are formatted into a unified input.

F.2 Progressive In-Context Prompt Template

Figure 12 depicts the Progressive In-Context
Prompt used during the refinement phase. At train-
ing turn ¢, the context window concatenates the
persona background 3, the cumulative interaction

history {(q;,;)}!_1, and the current query ¢;. This

accumulation strategy encourages the model to in-
ternalize stance consistency and reproduce persona-
specific patterns across the dialogue trajectory.

Progressive In-Context Prompt

Persona Background:
The following responses are written by a person with the following traits: {B}

Previous Dialogue History:
e Ql:{ql} = AL {r1}
e Ql:{ql} = AL {r1}

o Qr-1:{q_{t-1}} = Ar-1: {r_{t-1}}

Current Question

Condition on the same persona background and the examples above, and answer in
a consistent, natural tone.

Qr:f{q_t}

A:

Figure 12: Progressive In-Context Template. The
prompt grows dynamically to include history, reinforc-
ing persona consistency over time.

F.3 PQA Inference Template

Figure 13 outlines the inference template for
Persona-Steered Question Answering (PQA). Fol-
lowing the refinement phase, the model, condi-
tioned on the stabilized persona state, receives a
novel MCQ and predicts the response distribution
based on the aligned latent representation.

PQA Scenario Prompt Template

Persona: The respondent identifies as Conservative, with income 80,000 to 90,000,
and reports economic situation N/A.

Example Q:

Do you think increasing racial and ethnic diversity is a good thing, bad thing, or
does not make much difference for our society?

Example A:

I think increasing racial and ethnic diversity is a good thing. It brings new
perspectives, ideas, and cultures to our society. ...

Question: How do young adults today compare with their parents?generation on
getting into college?

Options: About the same as it was for their parents, Harder for young adults today,
Easier for young adults today, Refused

Answer: About the same as it was for their parents.(Label id = 0)

Figure 13: PQA Inference Template. Used for evaluat-
ing predictive accuracy on multiple-choice questions.

F.4 PNI Inference Template

Figure 14 presents the template for Persona-Steered
Narrative Inference (PNI). Unlike the constrained
PQA setting, PNI requires open-ended generation.
The prompt solicits a free-text response based on
the refined persona, which is subsequently evalu-
ated for semantic fidelity and stylistic consistency.

G Reproducibility Details

G.1 Hyperparameter Configuration

We implement QuirkyMind using PyTorch and the
Hugging Face Transformers library. Table 8 details
the complete configuration. Our training pipeline
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PNI Scenario Prompt Template

Persona: The respondent identifies as Conservative, with income 80,000 to 90,000,

and reports economic situation N/A.

The following is previous statement written by this persona:

Q: Do you think increasing racial and ethnic diversity is a good thing, bad thing, or
does not make much difference for our society?

A: | think increasing racial and ethnic diversity is a good thing. It brings new
perspectives,ideas, and cultures to our society. But at the same time, we need to

maintain our core values and traditions.

Continue writing the next statement that naturally fits
the same persona style, and based on the following Q:

Q: What do you think about different ethnic?

A: (Free answer in natural language)

Figure 14: PNI Inference Template. Used for generat-

ing and evaluating open-ended narratives.

Architecture & Optimization ‘ Loss Weights & Inference

Model Architecture Stage 2 Loss (\)
Soft Prompt Tokens (.5) 32 | Cross-Entropy (Gen) 1.0
Soft Prompt Scale (o) 0.5 | Label Smoothing 0.1
LoRA Rank (r) 4 | KL Divergence 0.05
LoRA Alpha 8 | Contrastive (InfoNCE) 0.1
LoRA Dropout 0.1 | Anchor Regularization 0.1
Soft Prompt Reg. Se-4
Optimization (AdamW) Inference (Generation)
Batch Size 8 | Temperature 0.7
Weight Decay le-3 | Top-p Sampling 0.9
LR Stage 1 (79) 3e-5 | Repetition Penalty 1.1
LR Stage 2 (n¢) le-5 | Max New Tokens 16
Epochs (Stage 1) 10
Epochs (Stage 2) 5

Table 8: Hyperparameter Configuration. We organize
the settings into a compact two-pane layout. The left
pane details model structure and optimization schedules;
the right pane details the multi-objective loss balancing
and inference decoding parameters.

operates in two distinct phases with differential
optimization strategies:

Stage 1 (Discriminative Alignment). We utilize
a higher learning rate (np = 3 x 107°) to rapidly
anchor the persona state in the sentence embedding
space via InfoNCE.

Stage 2 (Generative Refinement). We lower the
learning rate (1, = 1 x 107°) to fine-tune the soft
prompt adapter and LoRA modules, minimizing
the risk of catastrophic forgetting in the backbone.
The multi-objective loss in Stage 2 balances five
components. We determine the optimal weight-
ing via grid search on the validation set, setting
Ak = 0.05, Acontrast = 0.1, Aanchor = 0.1, and
ASoftPrompt = D X 10~ to manage the trade-off be-
tween generation quality and persona consistency.

G.2 Evaluation Metrics Details

For the PNI task, we report three metrics to quan-
tify the trade-off between semantic adherence and

lexical variation.

Semantic Faithfulness (BLEU-1). To measure
how accurately the generated text reflects the
ground-truth stance, we calculate sentence-level
BLEU-1 with smoothing (Papineni et al., 2002;
Chen and Cherry, 2014). This metric assesses un-
igram overlap while penalizing brevity, ensuring
the model generates substantive content rather than
short, generic acknowledgments.

Lexical Diversity (Distinct-n). We evaluate the
stylistic richness of the generated narratives using
Distinct-1 (unigrams) and Distinct-2 (bigrams) (Li
et al., 2016). These metrics calculate the ratio of
unique n-grams to the total number of generated
tokens:

_
S kil
where U, represents the set of unique n-grams
across the entire corpus, and |h;| denotes the to-
ken count of hypothesis ¢. Higher values indicate
greater vocabulary usage and less repetitive gener-
ation. To ensure comparability, we normalize all
generated responses to a fixed maximum length
before calculation.

Distinct-n =

(17)

G.3 Data Pre-processing

All experiments read a preprocessed CSV (the
repository release will include these CSVs and
a short README documenting provenance and
mapping). The training script expects each CSV
row to already contain the canonical columns
used by the pipeline: backstory (long-term per-
sona context), MCQ (question/prompt), options (a
list or JSON-encoded list of candidate answers),
label (0-based integer index into options), and
persona_id when available. At runtime, the script
simply reads the CSV, parses options if it is a
string (via ast.literal_eval), and optionally re-
stricts the dataset to the first max_personas unique
persona_ids; no additional data-cleaning module
is required.

G.4 Github Repository

Our anonymized code is available at https://
github.com/Chu1004/QuirkyMind.
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