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Personality-controllable dialogue systems must express intended traits without
losing contextual fidelity or collapsing into formulaic cues. We evaluated 100,000
BIG5-CHAT responses representing 10,000 scenarios crossed with five Big Five
dimensions and high and low levels. After listwise removal of 64 incomplete
scenarios, 9,936 scenarios remained. Scenario-grouped training, validation, and test
partitions contained 6,955, 1,490, and 1,491 scenarios. Three locally fitted response-
selection strategies were compared: a fixed cue-based persona-prompt proxy, a
word-TF-IDF weighted-nearest-neighbor persona retriever, and a character-ngram
logistic lightweight adapter. Evaluation combined response-level discrimination,
paired high-versus-low ordering, calibration, relation-wise stability, selective
abstention, content-fidelity proxies, cue and name masking, length controls, and
cross-trait entanglement. On the held-out test set, paired accuracy was 0.7797,
0.9896, and 0.9935 for prompt, retrieval, and adapter, respectively; corresponding

AUROC values were 0.7993, 0.9927, and 0.9958. The adapter achieved the lowest
Brier score (0.0234), while retrieval had the lowest expected calibration error
(0.0066). Worst-relation paired accuracy remained 0.7602, 0.9824, and 0.9889. At
90% coverage, selection risk fell from 0.1892 for the prompt proxy to 0.0003 for
retrieval and 0.0000 for the adapter. However, length alone ordered 67.3% of pairs,
and cross-trait entanglement was higher for retrieval (0.2712) and adaptation
(0.2897) than for prompting (0.0933). The findings demonstrate strong, stable
corpus-level persona discrimination but also expose a control-entanglement trade-
off; they do not establish demographic stereotype safety or generative-model
confidence.

1. Introduction

1.1 Motivation

Personalized dialogue promises responses that fit a user's preferred tone, interaction style, and conversational goals. Personality
conditioning is especially attractive because the Big Five framework offers a compact vocabulary for recurring behavioral
tendencies: openness, conscientiousness, extraversion, agreeableness, and neuroticism. These dimensions have a substantial
psychometric tradition, but they are continuous, multifaceted constructs rather than five sets of catchphrases (McCrae & John,
1992). Modern inventories therefore distinguish broad domains from narrower facets and emphasize reliable measurement
across many items (Johnson, 2014; Soto & John, 2017). A dialogue system that repeatedly inserts "creative" words for openness
or emphatic social language for extraversion may be easy to classify while remaining psychologically shallow.

Longitudinal personalization also depends on how a system represents and governs preference history. Confidence-gated
memory writing, time-aware retrieval, and explicit updating or forgetting address persistence across sessions (Sun et al.,, 2023),
while federated topic-preference learning shows how session interests can be modeled without centralizing raw conversations
(Kuo et al., 2025). Other work represents customers through self-supervised behavioral histories or retrieves prior behavior
before response generation (Xin, 2026b, 2026f). Review-grounded recommendation adds a further requirement: an explanation
should remain faithful to the evidence that motivated the recommendation (Chang et al., 2026). These strands make personality
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control more than a one-turn style instruction; a useful system must distinguish a current request from durable preference, retain
relevant evidence, and permit revision when the user's behavior changes.

Language nevertheless carries personality-relevant information. Function words, affect terms, syntactic choices, and discourse
patterns can correlate with individual differences (Pennebaker & King, 1999), and computational models have long used
linguistic cues to recognize or generate personality-marked utterances (Mairesse et al, 2007). This creates a central design
tension. Strong persona control requires a detectable distinction between high and low trait expressions, yet maximizing
detectability can reward lexical shortcuts, exaggerated affect, and entanglement between traits. Cheng et al. (2023) describe this
broader problem as caricature in language-model simulations: a representation may appear vivid precisely because it
overconcentrates a few recognizable signals.

BIG5-CHAT makes this tension measurable through matched counterfactuals. Its 100,000 records derive from 10,000 social
scenarios, each paired with ten responses spanning five traits and two levels (W. Li, 2024; W. Li et al., 2025). The scenarios
originate in SODA, a socially contextualized dialogue resource constructed around relations such as intent, reaction, attribute,
effect, want, and need (Kim et al., 2023). Within a trait, the high and low records share the same prompt content, so a controller
can be tested on whether it orders the intended alternatives correctly while holding the scenario constant. The design also
requires scenario-level splitting: placing sibling variants in both training and test data would turn evaluation into context
recognition.

The present study asks four questions. First, how strongly can fixed-response persona prompting, retrieval, and lightweight
adaptation discriminate high from low Big Five responses? Second, does control remain stable across the six relation types?
Third, do the methods preserve the content of the available response candidates and provide calibrated confidence suitable for
abstention? Fourth, is performance sustained after removing narrow trait cues, personal names, and length advantages, and how
much does a trait-specific evaluator respond to other conditioned traits? These questions connect control, stability, utility, and
uncertainty in a single matched design.

Adjacent applications show why these dimensions should be evaluated jointly rather than as isolated accuracy targets. Retrieval
and strategy control have been studied in therapist-facing copilots and emotional-support dialogue (Y. Zhang & H. Zhang,
2025a; Y. Zhang & Zhou, 2026), while evidence-linked counseling cards connect a recommendation to supporting evidence for
human review (Y. Zhang & H. Zhang, 2025b). Multilingual humanitarian RAG similarly couples answerability with trust-calibrated
presentation (Y. Chen & Xu, 2026). In education, intervention rationales connect predictive decisions to teacher review (Xin,
2026¢); in commerce, explainable recommendation cards and uplift policies connect personalization to interpretable action
selection (Mu et al,, 2023; B. Zhang et al., 2025). Although these domains do not establish Big Five validity, they motivate the
same separation adopted here between control strength, retained utility, confidence, and the conditions under which a system
should defer.

The experiments evaluate response selectors rather than newly generated dialogue. For every scenario-trait pair, a method
scores the two BIG5-CHAT responses and selects the candidate corresponding to the requested level. This design isolates
whether conditioning information is recoverable from the corpus while avoiding variation from decoding, serving systems, or
closed-model updates. Accordingly, "stereotyping” is operationalized narrowly as personality caricature: dependence on fixed
trait lexicons, surface length, or signals shared across nominally distinct Big Five dimensions. The dataset contains no
demographic labels, so the study makes no claim about protected-group bias. Its contribution is an empirical map of where high
persona separability is reliable and where it may reflect entangled or compressed representations.

1.2 Contributions

The analysis contributes a leakage-controlled benchmark protocol, a three-way comparison of transparent control strategies,
and a unified diagnostic suite. Control is measured both row-wise and through paired direction accuracy; calibration is measured
with Brier score and expected calibration error; context stability is evaluated by SODA relation; utility is assessed as textual
fidelity among fixed candidates; and caricature risk is probed through masking, length matching, and cross-trait transfer. Cluster
bootstrap intervals and scenario-level permutation tests preserve the dependence structure of the ten responses associated with
each scenario. All primary conclusions follow from the untouched test split.

2. Literature Review

2.1 Personality measurement and linguistic expression

The Five-Factor Model organizes personality descriptors into broad dimensions that recur across instruments and samples

(McCrae & John, 1992). The model is useful because it offers shared axes, but broad scores can conceal distinct facets. The IPIP-

NEO-120 measures 30 facets beneath the five domains (Johnson, 2014), while the BFI-2 was designed to balance domain
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breadth, facet fidelity, and practical length (Soto & John, 2017). These measurement traditions caution against treating a single
sentence as a diagnostic personality test. In dialogue research, trait conditioning is better understood as control over an
intended expressive style than as evidence that a model possesses a human personality.

Text-based personality work provides both motivation and warning. Pennebaker and King (1999) showed that linguistic style
behaves as an individual-difference signal, and Mairesse et al. (2007) demonstrated automatic personality recognition and
generation from conversational cues. Such results support text-level control, but they also make cue exploitation likely: the
easiest features for a classifier need not reflect the construct's full meaning. Recent psychometric studies of language models
reinforce this distinction. Shu et al. (2024) found that apparent psychometric performance can be unreliable under modest
changes in testing conditions. TRAIT was subsequently designed to assess distinctness and consistency with stronger
psychometric controls (Lee et al., 2025), and Serapio-Garcia et al. (2025) proposed a broad framework for evaluating and shaping
model personality. Together, this work motivates cross-context testing rather than a single aggregate score.

The same evaluation principle appears in transfer research outside dialogue: performance must be separated from robustness to
topology, tenant, subject, corpus, or dataset shift. Cross-cloud transfer and few-shot cold-start forecasting explicitly test
workload changes (He et al.,, 2024; He et al,, 2025); parameter-efficient medical pretraining and subject-independent BCl evaluate
transfer under data scarcity or participant change (Mi et al., 2025; Wu, Mi, et al,, 2025); and shared-feature learning and cross-
dataset activity recognition examine which representations survive domain boundaries (J. Zhang, 2025; Zhong, Pan, et al., 2025).
Self-supervised log modeling provides a further example of learning transferable structure without direct task labels (Xin, 2026g).
These methodological precedents motivate held-out-context evaluation and relation-specific performance floors. The decision to
keep all ten responses for an original_index in one split follows separately from BIG5-CHAT's matched data structure and the
need to prevent sibling-scenario leakage.

Robust control also depends on whether an evaluation reflects the intended decision. Offline counterfactual and off-policy
studies distinguish a candidate-ranking policy from the data-collection policy that produced its observations (Mu et al.,, 2025; Ye
et al,, 2026), while spectral rank-aggregation theory studies stable ordering from noisy pairwise comparisons (Zhong & Ling,
2024a). These are methodological analogies: BIG5-CHAT evaluates a matched ordering—given the same scenario and a
requested trait pole, which of two available responses better realizes that pole?

2.2 Persona-conditioned dialogue

Persona dialogue research initially emphasized consistency with biographical facts. Persona-Chat established a widely used
setting in which speakers condition responses on short profile sentences (Zhang et al., 2018). Scaling work showed that many
personalized agents could be trained from distributed persona data (Mazaré et al., 2018), while meta-learning targeted rapid
adaptation to limited personal evidence (Madotto et al.,, 2019). BoB used a layered transformer design to improve persona-based
dialogue with limited personalized data (Song et al,, 2021). More recent synthetic-data work has generated personality-oriented
dialogue at scale; PSYDIAL, for example, conditions synthetic conversations on personality profiles (Han et al., 2024).

BIG5-CHAT differs from free-form persona profiles by grounding its conditions in human trait data and constructing high/low
response variants for the same social scenarios (W. Li et al., 2025). Its source scenarios come from SODA's commonsense
contextualization pipeline (Kim et al.,, 2023). The dataset's steering process is related to controlled decoding with expert and anti-
expert distributions, as developed in DExperts (Liu et al., 2021). This matched structure supports a stricter question than general
conversational plausibility: given two responses to the same input, does a controller reliably rank the one written for the
requested trait level?

2.3 Control through prompting, retrieval, and adaptation

Prompting, retrieval, and parameter-efficient adaptation represent increasingly data-driven forms of control. A persona prompt
supplies an explicit instruction or descriptor at inference time. Retrieval adds examples or memories selected for relevance, and
retrieval-augmented generation has shown how external evidence can condition a model without embedding all information in
its parameters (Lewis et al., 2020). Adaptation changes a learned representation. Adapter layers (Houlsby et al., 2019), prefix
tuning (Li & Liang, 2021), low-rank adaptation (Hu et al., 2022), and quantized low-rank adaptation (Dettmers et al., 2023)
provide efficient ways to specialize large models.

Retrieval itself spans several decisions that are easy to collapse into one label. Multi-source attribution combines heterogeneous
operational signals (Liu et al., 2023); prototype retrieval explains an anomaly through similar normal cases (Xin, 2025a); and
retrieval-summary integration links findability to an interpretable synthesis (Y. Li, 2024). Budgeted multi-hop search determines
when additional evidence is worth its cost (Su et al, 2025), whereas hybrid query rewriting and listwise reranking change the
ordering of already retrieved candidates (Meng et al., 2026). Retrieval-quality prediction then treats the success of that pipeline
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as a forecastable outcome rather than an assumption (R. Zhang et al,, 2025). These distinctions motivate the present retriever's
deliberately narrow description: it is a weighted nearest-neighbor response selector, not a generator with an unspecified retrieval
component.

Grounding also requires provenance after retrieval. Evidence-grounded DevOps question answering and bilingual incident triage
emphasize answers tied to operational documents (B. Zhang et al., 2024; Liu et al., 2024). Evidence-chain methods add word-
level attribution or deterministic provenance explanations (C. Li et al., 2024; Jin, 2025b). Retrieval-grounded log work combines
anomaly evidence with deterministic failure narratives, while troubleshooting copilots add command-safety evaluation (Sun et
al, 2026; B. Zhang et al., 2026). These studies motivate reporting evidence preservation separately from task accuracy; in the
present fixed-candidate study, cosine, overlap, and entity measures quantify candidate fidelity only, not provenance or factual
correctness.

Evidence must finally be presented in a form that a reviewer can inspect. Accounting due-diligence work focuses on evidence-
aware retrieval (Y. Chen et al, 2025), while scientific-search and disclosure-review cards organize retrieved evidence into
reviewable units and visual hierarchies (Jin, 2025¢; K. Zhang et al., 2025). Structural/visual consistency evaluation and human-
judgment-aligned design critique illustrate separate ways to validate the presentation layer after a model decision has been
made (Y. Chen & Li, 2025; Y. Li et al.,, 2025). Numerical guardrails and scientific claim verification add deterministic checks or
evidence ranking before a conclusion is shown (Z. Li et al., 2026; Su, Chen, et al.,, 2026). Incident cards and cross-regulation legal
RAG similarly connect evidence to an actionable human decision (J. Li & Zhou, 2026; Nie et al., 2026), while text-grounded
rationale interfaces make design decisions explicit in explainable decision cards (Wu, Meng, et al., 2025). These interface studies
do not alter the selector metrics used here, but they clarify how calibrated margins and retrieved exemplars could be exposed in
a later interactive system.

The current comparison translates these families into transparent offline probes. The prompt condition is a fixed cue score,
retrieval is weighted nearest-neighbor classification over response exemplars, and adaptation is regularized logistic regression
over character n-grams. These implementations are intentionally smaller than neural generators: they test how strongly BIG5-
CHAT encodes its labels before attributing success to a particular model architecture. The comparison also separates explicit
lexicon dependence from corpus-level similarity and learned subword patterns.

2.4 Utility, caricature, and bias boundaries

Dialogue quality cannot be reduced to persona identification. Reference-free evaluation such as USR was developed to capture
multiple aspects of dialog quality (Mehri & Eskenazi, 2020), BERTScore aligns contextual token representations with references
(Zhang et al., 2020), and MAUVE compares text distributions rather than individual strings (Pillutla et al., 2021). Those metrics are
designed for generated text. Because the present experiment selects between two existing candidates, its utility measures are
correspondingly narrower: similarity to the intended candidate, overlap with scenario content, preservation of entities, and
length distortion. They quantify selection fidelity, not human judgments of helpfulness or naturalness.

Bias benchmarks define a second boundary. StereoSet (Nadeem et al,, 2021) and CrowS-Pairs (Nangia et al., 2020) measure
social stereotypes associated with protected groups, while Social Bias Frames represents offensiveness and power implications in
language (Sap et al., 2020). Dialogue-specific work has also investigated gender bias and mitigation in generation (Dinan et al.,
2020). BIG5-CHAT provides neither demographic group labels nor counterfactual protected identities. Consequently, importing
those benchmark claims would be invalid. The relevant concern here is whether a controlled personality becomes a caricature of
itself or leaks into other trait axes, consistent with the simulation-focused analysis of Cheng et al. (2023).

Controllability should likewise not be conflated with safety. Continual red-teaming addresses guardrail drift under changing
jailbreak distributions (Zheng et al., 2023), evidence-based self-verification checks an agent response before release (Zheng et al,,
2024), and multi-stage refusal explicitly treats utility preservation as a constraint rather than rewarding blanket refusal (Zheng &
Li, 2024). Dark-pattern work treats manipulative interface microcopy as a distinct harm from factual inaccuracy (H. Xu et al,
2025). The present cue-masking and cross-trait tests do not measure any of those harms. They instead adopt the same general
discipline of decomposing a broad quality claim into observable failure modes.

Personalization also creates privacy and fairness obligations because user history can become both a predictive feature and a
source of exposure. Privacy-robust uplift estimation and privacy-safe aggregate marketing models examine decision quality
when persistent identifiers are unavailable (Bai et al.,, 2026; Bai & Wu, 2026). Counterfactual credit explanations illustrate how an
actionable rationale can be audited for fairness rather than treated as decorative text (Xin, 2026d), and privacy/data-integrity risk
cards make prompt-injection and data-flow hazards visible to a human overseer (Su, Rao, et al,, 2026). BIG5-CHAT lacks user
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identifiers, protected attributes, and longitudinal logs, so those properties cannot be tested here. They remain important
deployment considerations for systems that turn a corpus-level control signal into a persistent user model.

2.5 Calibration and selective prediction

A useful control system should know when its choice is uncertain. Neural probabilities are often miscalibrated, which motivates
post-hoc calibration and metrics such as expected calibration error (Guo et al., 2017). Language-model studies have examined
whether verbalized confidence can be calibrated (Tian et al., 2023) and whether models can express uncertainty reliably across
prompting conditions (Xiong et al., 2024). Here, uncertainty is more limited and more directly testable: it is the calibrated
probability assigned by a response selector. Selective classification then orders matched pairs by confidence and withholds the
least certain cases, tracing risk as coverage falls (Geifman & El-Yaniv, 2017). This framework reveals whether confidence separates
easy from difficult persona distinctions rather than merely accompanying a high average score.

Calibration, rejection, and reliability prediction have been paired in several decision settings. Credit-risk tiering and probability-
of-default workflows combine calibrated probabilities with rejection or distribution-free uncertainty (Y. Chen et al., 2023; Jin et
al, 2024). Pairwise resume-job matching applies probability calibration and selective refusal to a ranking problem (Jin, 2025a),
while evidence-calibrated RAG treats insufficient retrieval coverage as a reason to abstain (Zhong, Chen, et al,, 2025). Conformal
alert control and trajectory-reliability forecasting make uncertainty actionable in operational workflows (Xin, 2026e; Zhong et al.,
2026), while cost-aware routing illustrates a separate policy choice among analysis paths (C. Li et al., 2026). These precedents
motivate reporting both calibration error and risk-coverage curves here; a high paired accuracy alone does not show that the
remaining errors receive lower confidence.

Operational forecasting offers a second useful distinction between a point estimate and a risk envelope. Capacity forecasting
with calibrated uncertainty, conformal demand envelopes, and multi-horizon operational risk curves all expose the cost of acting
on an uncertain forecast (S. Chen et al, 2024; He et al, 2023; Zhao et al., 2025). Visual brief cards for capacity dashboards
translate those curves into decisions rather than presenting a single predicted value (Liu et al., 2025). The application domain is
different, but the reporting principle provides a useful analogy: the persona selector should expose how error changes as
coverage is reduced, not only its full-coverage mean.

Uncertainty is nevertheless estimator-specific. Confidence-calibrated late fusion learns how evidence streams should be
combined (Xin, 2025b), medical vision-language classification evaluates uncertainty attached to cross-modal predictions (Lu &
Zou, 2026), and spectral-estimator analysis derives uncertainty for a structured synchronization problem (Zhong & Ling, 2024b).
None of those estimators is imported into the present experiment. Their methodological relevance is that confidence must be
tied to the decision rule that produced it. Accordingly, the probabilities reported below come from positive-scale Platt calibration
of each selector's own scores and are never described as a language model's internal confidence.

Communicating uncertainty is also distinct from estimating it. Medical-image explanation cards pair uncertainty-aware
predictions with visual explanations, while patient-facing safety-card studies organize risk information through rubric-based
frameworks or interface benchmarks (Zhong, Wu, et al, 2025; C. Li et al, 2025; B. Zhou et al, 2025). Breast-ultrasound
explanation cards and financial-risk dashboards provide further examples of visual hierarchy for uncertainty and evidence
communication (Ye et al., 2025; Z. Li et al., 2025). The current paper reports curves and subgroup metrics rather than testing an
interface; these studies suggest candidate elements for future evaluation rather than demonstrating that the proposed elements
improve user understanding.

3. Methodology

3.1 Dataset, audit, and analysis unit

BIG5-CHAT contains 100,000 English response records and 14 fields. Each of the 10,000 original_index values identifies one base
scenario with five trait dimensions crossed by high and low levels (W. Li, 2024; W. Li et al,, 2025). The head, tail, literal, and
narrative fields describe the scenario; relation identifies one of six SODA relations; train_input contains the conditioned input;
and train_output contains the response. Trait cells were balanced at 10,000 records per level.

The file was read as UTF-8 text with empty strings preserved. Audit rules required exactly ten records, all ten trait-level
instructions, nonblank input, and nonblank output for every retained scenario. There were 294 blank input cells and 65 blank or
whitespace-only output cells. These omissions affected 64 scenarios, which were excluded listwise. The analysis therefore used
9,936 scenarios, 99,360 response records, and 49,680 matched high/low pairs. This complete-case rule guarantees that every
method is evaluated on the same paired material.
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Table 1. Dataset audit and leakage-controlled scenario split. All ten trait-level records for a scenario remain in one partition.

ltem Value Note

Source records 100000 Rows in the BIG5-CHAT CSV

Unique scenarios 10000 Defined by original_index

Complete scenarios used = 9936 All 10 trait-level variants present

Excluded incomplete = 64 Listwise exclusion for matched-pair analyses
scenarios

Training scenarios 6955 Grouped 70% split

Validation scenarios 1490 Half tuning, half calibration

Test scenarios 1491 Untouched until final evaluation

Traits x levels 5x2 Balanced within every complete scenario
Relation types 6 xIntent, xReact, xAttr, xEffect, x\Want, xNeed

Descriptive statistics were computed before model fitting on the retained records. High-level outputs were longer than low-level
outputs for openness, conscientiousness, and extraversion, with smaller differences for agreeableness and neuroticism. This
pattern motivated an explicit length-only baseline and a length-matched evaluation. Type-token ratios and the share of unique
outputs were also summarized to detect trivial duplication.

Table 2. Descriptive statistics for the 99,360 records retained after complete-scenario filtering.

Trait Level n Words M Words SD Sl\./lentences TIRM Unique (%)
Openness Low 9936 38.87 7.40 497 0.841 99.57
Openness High 9936 45.16 5.77 4.65 0.855 99.61
Conscientiousness = Low 9936 41.09 6.87 5.53 0.857 99.63
Conscientiousness | High 9936 45.52 5.55 4.36 0.842 99.64
Extraversion Low 9936 3793 853 4.80 0.858 99.54
Extraversion High 9936 43.89 6.40 5.03 0.862 99.61
Agreeableness Low 9936 43.56 6.14 5.20 0.828 99.36
Agreeableness High 9936 44.05 6.08 4.72 0.850 99.68
Neuroticism Low 9936 43.20 6.30 478 0.857 99.68
Neuroticism High 9936 4333 5.89 5.34 0.805 99.73

3.2 Leakage-controlled splitting

Scenarios, not rows, were assigned to partitions. Exact normalized duplicates in head, train_input, or train_output were treated as
links; all scenarios within a connected duplicate component were placed in the same split. A seeded allocation (seed 20250729)
produced 6,955 training, 1,490 validation, and 1,491 test scenarios, corresponding to 69,550, 14,900, and 14,910 records. A post-
split audit found no normalized output value crossing partitions. The validation scenarios were divided evenly: 745 scenarios for
hyperparameter selection and 745 for probability calibration. Test data were not used for either choice.

Within every retained trait pair, the high and low records had identical train_input text. Consequently, paired direction accuracy
compares two outputs under a controlled input. Cross-trait inputs sometimes differ because instructions name different traits;
cross-trait analyses were therefore treated as sensitivity diagnostics rather than matched causal contrasts.
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Matched-pair evaluation design

Persona Prompt

fixed trait cues \
Evaluation

I\

BIG5-CHAT Grouped split control | utility
100,000 rows  |—> by scenario Persona Retrieval > stability | ECE
10 matched variants| 70/15/15 weighted k-NN masking | abstention

Lightweight Adapter /

char n-gram LR

Figure 1. Leakage-controlled matched-pair workflow. The three methods score fixed BIG5-CHAT responses; no dialogue is
regenerated.

3.3 Response-selection strategies

Each strategy produced a score for the high level of a specified trait. For a test scenario-trait pair, the response with the larger
score was selected for a high request and the response with the smaller score for a low request. Table 3 distinguishes the
conditioning signal, fitted component, and selection statistic.

Table 3. Operational comparison of the three fixed-response persona-control strategies.
Method Conditioning Fitted component Selection signal

Persona Prompt Fixed high/low Big Five Positive-scale Platt calibration Normalized high-minus-low
descriptor cues only cue count

Persona Retrieval = Target response similarity =~ Word TF-IDF; weighted k-NN; k = Similarity-weighted

to stored exemplars tuned by validation pairs proportion of high-level
neighbours
Lightweight Learned trait-level = Character 3-5 gram TF-IDF Calibrated high-level
Adapter response score logistic model; C tuned decision score

The Persona Prompt proxy used fixed, theory-informed cue sets for the two poles of each trait. Text was lowercased and
tokenized; the raw score was the normalized count of high-pole cues minus low-pole cues. The cue lists were fixed before test
evaluation. Because this is an offline corpus study, the score represents the lexical component of a conventional persona
instruction rather than an API call to a generative model.

The Persona Retrieval strategy represented responses with word TF-IDF features using unigrams and bigrams, Unicode accent
stripping, sublinear term frequency, a minimum document frequency of two, and a maximum of 30,000 features. Cosine
similarities to training exemplars were converted to a similarity-weighted fraction of high-level neighbors. The number of
neighbors was selected independently by trait on the tuning split: 31 for openness, 5 for conscientiousness, 31 for extraversion,
15 for agreeableness, and 15 for neuroticism.

The Lightweight Adapter used character-boundary TF-IDF features with 3- to 5-grams, a minimum document frequency of two,
sublinear term frequency, and at most 45,000 features. A separate L2-regularized logistic model was fitted for each trait. The
regularization values selected on tuning pairs were 4.0 for openness, 0.25 for conscientiousness, 1.0 for extraversion, 1.0 for
agreeableness, and 4.0 for neuroticism. The term "adapter" denotes this compact learned scoring layer; it is not a low-rank
update to a generative model.

For all three strategies, raw scores were mapped to high-level probabilities with positive-scale Platt calibration fitted on the
calibration half of validation. Constraining the scale to be positive preserved the ordering learned or specified by each method.
Thus, calibration changed confidence but not paired direction decisions.
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3.4 Outcome measures

Row-level discrimination was evaluated with accuracy, balanced accuracy, macro F1, AUROC, Brier score, and expected
calibration error. ECE used ten equal-width probability bins and the absolute difference between mean confidence and observed
high-level frequency in each occupied bin, weighted by bin size (Guo et al., 2017). The primary control outcome was paired
direction accuracy (PDA), the proportion of scenario-trait pairs in which the high response received a larger high-level score than
the low response; ties counted as one half. Mean absolute probability margin summarized pair confidence.

Cross-context stability was measured by computing PDA separately for xIntent, xReact, xAttr, xEffect, xWant, and xNeed. For each
method, the worst relation, standard deviation across relations, and maximum-minus-minimum gap were recorded. This
formulation uses the context taxonomy present in the data rather than assigning external domains.

Selective performance followed the risk-coverage framework of Geifman and El-Yaniv (2017). Pairs were sorted by absolute
probability margin. At coverage ¢, the least-confident (1 - c) fraction was withheld, and risk was the error proportion among
retained pairs. Area under the risk-coverage curve (AURC) and risk at 100%, 90%, 80%, 70%, and 50% coverage were computed.
These probabilities describe evaluator confidence in choosing between two candidates; they are not uncertainty estimates
produced by a dialogue generator.

3.5 Textual fidelity and caricature diagnostics

Utility preservation was evaluated within each matched pair. For a requested level, each method selected one of the two existing
responses; the intended BIG5-CHAT response served as the target candidate. A shared word TF-IDF space measured cosine
similarity between the selected response and (a) train_input, (b) the combined scenario description, and (c) the target response.
Keyword coverage used non-stopword scenario terms, entity retention checked whether available personx or persony mentions
survived, and absolute log length deviation compared selected and target word counts. The oracle row selects the intended
candidate and establishes the ceiling for reference similarity and length fidelity. Because both choices come from the same
context, these measures quantify candidate fidelity rather than open-ended response quality.

The metric bundle is intentionally rubric-like: it separates the control decision from evidence retention, entity preservation, and
length distortion. Rubric-grounded automated scoring provides a related example of making a composite judgment auditable
by exposing its criteria and formative rationale (Xin, 2026a). Here, the criteria are computed rather than generated, and no
aggregate utility score is formed. Keeping them separate prevents a high similarity on one dimension from concealing a failure
on another.

Four diagnostics examined personality caricature. First, all fixed trait-cue tokens were masked and PDA was recomputed. Second,
personal names were masked to test whether incidental entity strings affected ordering; a separate name-only character-ngram
probe provided a direct leakage check. Third, each method was evaluated only on pairs whose high/low length difference was no
larger than the median absolute difference, and a length-only rule selected the longer response. Fourth, a score trained for one
trait was applied to the other four traits. Cross-trait entanglement was the mean absolute deviation of AUROC from 0.5 across
these off-target applications. A larger value indicates that a nominally trait-specific score responds systematically to other
conditioned dimensions, regardless of direction.

3.6 Statistical analysis and reproducibility

Uncertainty respected the scenario-level cluster. Pair-correctness values were first averaged within each original_index.
Differences between methods were then evaluated with 5,000 scenario-cluster bootstrap samples for 95% percentile intervals
and 10,000 two-sided sign-flip permutations. The three permutation probabilities were adjusted by Holm's sequential procedure
(Holm, 1979). Comparisons were planned for adapter minus prompt, adapter minus retrieval, and retrieval minus prompt. All
preprocessing, fitting, calibration, tables, and figures were generated by one deterministic Python workflow. Package versions
and the dataset checksum were recorded with the run outputs.

4. Results and Discussion

4.1 Overall control and calibration

All three methods exceeded chance, but the size of the advantage varied sharply (Table 4). The Persona Prompt proxy reached
73.23% row accuracy, 0.7993 AUROC, and 77.97% PDA. Persona Retrieval increased these values to 95.83%, 0.9927, and 98.96%.
The Lightweight Adapter performed best on the primary control outcomes, with 96.76% row accuracy, 0.9958 AUROC, and
99.35% PDA. The difference between row accuracy and PDA is expected: PDA only requires the two responses within a matched
pair to be ordered correctly, whereas row accuracy also requires the calibrated score to cross a fixed 0.5 threshold.
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Table 4. Held-out response discrimination, calibration, and paired direction accuracy (PDA). Accuracy, F1, AUROC, and PDA are

percentages.
Method Accuracy Macro F1  AUROC Brier ECE PDA
Persona Prompt 73.23 72.62 79.93 0.1786 0.0255 77.97
Persona Retrieval 95.83 95.83 99.27 0.0311 0.0066 98.96
Lightweight Adapter 96.76 96.76 99.58 0.0234 0.0069 99.35

Calibration was strong in aggregate for the learned selectors. The adapter had the lowest Brier score (0.0234), indicating the
smallest mean squared probability error, while retrieval had the lowest ECE (0.0066 versus 0.0069 for the adapter). The prompt
proxy was less accurate and less sharp, with a Brier score of 0.1786 and ECE of 0.0255. Figure 3 shows that validation-only
calibration brought all aggregate reliability curves near the diagonal. The aggregate prompt result nevertheless concealed a
subgroup weakness: neuroticism ECE was 0.1257. This discrepancy illustrates why one pooled calibration number cannot
guarantee reliable confidence for every trait.

Figure 2 and Table 5 show that the learned methods were consistently strong across dimensions. Prompt PDA ranged from
69.79% for neuroticism to 87.49% for agreeableness. Retrieval ranged from 98.26% for extraversion to 99.73% for agreeableness.
Adapter PDA ranged from 99.03% for openness to 99.77% for agreeableness. Thus, the prompt proxy's overall score did not
describe a uniform control mechanism; its performance depended on how readily each pole was captured by the fixed lexicon.
Retrieval and adaptation reduced this variance because they exploited broader distributional features.

00 Personality control across the five trait dimensions
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Figure 2. Paired direction accuracy by Big Five dimension. The dashed line marks chance performance for ordering each high/low
response pair.
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Table 5. Paired direction accuracy (%) by Big Five dimension on the test set.

Trait Prompt Retrieval Adapter
Openness 80.65 98.89 99.03
Conscientiousness 74.08 98.89 99.20
Extraversion 77.87 98.26 99.30
Agreeableness 87.49 99.73 99.77
Neuroticism 69.79 99.03 99.46

Reliability after held-out calibration

—o— Persona Prompt
—e— Persona Retrieval
—o— Lightweight Adapter

Observed proportion high

0.0 + T T T
0.0 0.2 0.4 0.6 0.8 1.0

T 1

Mean predicted probability of high trait level

Figure 3. Reliability of held-out high-level probabilities after validation-only positive-scale Platt calibration.

4.2 The diagonal indicates ideal calibration.

The high learned-probe scores should be interpreted as corpus separability, not as evidence that a deployed language model
will maintain a personality through an unconstrained conversation. BIG5-CHAT deliberately contrasts high and low responses,
and both learned strategies were trained on responses drawn from the same construction process. Near-perfect PDA therefore
shows that label-linked patterns generalize to unseen scenarios under a duplicate-safe split. It does not show that free
generation would retain factual coherence, avoid repetition, or pass a psychometric inventory across turns.

4.3 Cross-context stability
Relation-wise results support the claim that separability was not confined to one social context (Table 6). Prompt PDA was lowest
for xEffect at 76.02% and highest for xNeed at 79.46%, producing a 3.44-point gap and a 1.14-point standard deviation across
relations. Retrieval's worst relation was xAttr at 98.24%; its range was 1.25 points and its cross-relation standard deviation was
0.39 points. Adapter PDA was 98.89% on xAttr, 99.26% on xEffect, 99.59% on xIntent, 99.05% on xNeed, 99.67% on xReact, and
99.21% on xWant. Its worst-to-best gap was only 0.79 points.
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Table 6. Cross-context paired direction accuracy (%) by SODA relation type. Pair counts aggregate the five traits.

Relation Pairs Prompt Retrieval Adapter
xIntent 1815 77.88 99.09 99.59
xReact 1840 79.27 99.48 99.67
xAttr 1530 77.61 98.24 98.89
xEffect 1080 76.02 99.07 99.26
xWant 820 77.87 98.84 99.21
xNeed 370 79.46 98.65 99.05

The stability pattern is visible in Figure 5. Relation frequency varied substantially, from 370 test pairs for xNeed to 1,840 for
xReact, yet the learned methods showed no collapse in the smaller stratum. This supports cross-context robustness within
SODA's relation taxonomy. It remains a bounded conclusion: the six relations are semantic roles within social scenarios, not
separate application domains such as counseling, education, or customer support.

4.4 Textual fidelity of selected candidates

The utility analysis asked what content was lost when a selector chose the wrong member of a matched pair. As Table 7 shows,
the oracle target response had a mean scenario cosine of 0.1250, keyword coverage of 0.1054, entity mention rate of 0.7919, and
zero reference or length error. The adapter nearly reached that ceiling: reference cosine was 0.9968 and absolute log length
deviation was 0.0006. Retrieval achieved 0.9937 and 0.0015 on the same measures. Prompt selection was visibly less faithful, with
reference cosine 0.8084 and length deviation 0.0349.

Table 7. Textual fidelity of selected fixed candidates. Larger cosine, keyword, and entity values are better; smaller length
deviation is better.

Method Con'text Sce.nario Refgrence Keyword iy e Length
cosine cosine cosine coverage deviation
Persona Prompt 0.0791 0.1232 0.8084 0.1046 0.7767 0.0349
Persona Retrieval 0.0795 0.1249 0.9937 0.1054 0.7915 0.0015
Lightweight Adapter 0.0795 0.1250 0.9968 0.1054 0.7919 0.0006
Oracle target response = 0.0795 0.1250 1.0000 0.1054 0.7919 0.0000

Context and scenario cosine values were low in absolute terms for every method, including the oracle. This is a property of the
representation and task: the scenario fields often describe an event abstractly, whereas the response realizes a conversational
reaction using different vocabulary. The meaningful comparison is therefore with the oracle and across selectors, not against an
assumed universal cosine threshold. Adapter matched the oracle's context cosine, scenario cosine, keyword coverage, and entity
rate after rounding because its errors were rare. Retrieval was close. Prompt errors more often substituted the opposite-level
candidate, which changed reference similarity and length while usually preserving the scenario and named participants.

These measures do not replace human evaluation. USR, BERTScore, and MAUVE address broader aspects of generated-text
quality (Mehri & Eskenazi, 2020; Pillutla et al.,, 2021; Zhang et al., 2020), whereas the present candidates were already written for
the same input. The result is best described as utility preservation under response selection: when the learned selector expressed
the requested level, it also retained almost all text associated with that intended candidate.

4.5 Cue reliance, length, and cross-trait entanglement

Table 8 separates three kinds of shortcut. Removing the fixed cue lexicons reduced prompt PDA from 77.97% to chance, a 27.97-
point loss, because those counts are the prompt proxy's entire signal. The same masking changed retrieval PDA by only 0.10
points and adapter PDA by 0.07 points. The learned methods therefore did not depend on the small theory-derived vocabulary,
although they could still use correlated words or constructions outside it.
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Table 8. Cue reliance, length and name controls, and cross-trait entanglement. Values are percentages or percentage-point

changes.
Length-match Length-only Entangl
Method PDA Cue drop PDA PDA Name drop ement
Persona Prompt 77.97 27.97 76.47 67.28 0.00 9.33
Persona Retrieval 98.96 0.10 98.91 67.28 0.00 27.12
Lightweight Adapter 99.35 0.07 98.97 67.28 -0.01 28.97

Names contributed no useful label information. Name masking left prompt and retrieval unchanged and improved adapter PDA
by 0.013 points, a negligible fluctuation. The separate name-only probe produced 0.5000 AUROC, accuracy, and PDA for every
trait. This exact chance result follows from the matched design: high and low variants share their scenario names, and scenario
grouping prevents the same pair from crossing the split.

Length was a genuine corpus cue. A rule that always ranked the longer response as high achieved 67.28% PDA. Restricting
evaluation to length-matched pairs reduced prompt PDA by 1.51 points, retrieval by 0.05 points, and adapter by 0.38 points.
Thus, length explained part of the dataset distinction but not the learned methods' near-perfect ordering. The high conditions
for openness, conscientiousness, and extraversion were several words longer on average, so future generators trained on these
records should be checked for verbosity changes that masquerade as personality.

The most important caution came from cross-trait entanglement. Mean absolute off-target AUROC deviation from chance was
9.33% for prompt, 27.12% for retrieval, and 28.97% for adapter. A classifier optimized for one Big Five dimension therefore
responded strongly to outputs conditioned on other dimensions, especially in the learned representations. This does not mean
that the model predicted the same label in every off-target case; the absolute statistic also counts systematic inverse
associations. It does show that the dataset's trait signals are not cleanly orthogonal.

The pattern clarifies the title's qualification. Retrieval and adaptation controlled requested labels without relying on the fixed cue
list, but their greater separability coincided with stronger cross-trait coupling. In psychometric terms, a detectable factor can still
have weak discriminant validity. The result is compatible with concerns about model-personality distinctness and testing
instability (Lee et al., 2025; Serapio-Garcia et al., 2025; Shu et al., 2024). It also parallels Cheng et al.'s (2023) warning that
simulated personas can become recognizable through compressed caricatures. Figure 6 summarizes this trade-off: learned
selectors occupy the high-control, low-fixed-cue-dependence region, yet Table 8 shows that their remaining signal is more
entangled across traits.

4.6 Selective abstention

Confidence was useful for deciding when not to select a persona response. At full coverage, risk equaled 22.03% for prompt,
1.04% for retrieval, and 0.65% for adapter (Table 9). Retaining the most confident 90% of pairs reduced prompt risk to 18.92%,
retrieval risk to 0.03%, and adapter risk to zero. Retrieval also reached zero observed error at 80% coverage, while the adapter
remained at zero through 50%. AURC was 0.0737 for prompt, 0.00024 for retrieval, and 0.00009 for adapter.

Table 9. Selective persona-control risk at retained coverage levels. Risk equals one minus paired direction accuracy; smaller
values are better.

Method AURC Risk 100% Risk 90% Risk 80% Risk 70% Risk 50%
Persona Prompt 0.0737 22.03 18.92 15.03 10.14 5.39
Persona Retrieval 0.0002 1.04 0.03 0.00 0.00 0.00
Lightweight Adapter 0.0001 0.65 0.00 0.00 0.00 0.00
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Selective abstention reduces persona-selection risk
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Figure 4. Persona-selection risk as low-confidence matched pairs are withheld. Coverage is the retained fraction of the 7,455 test
pairs.

Figure 4 makes the operational difference clear. Prompt risk declined gradually as coverage fell, indicating that its confidence
ranking separated some difficult pairs but retained many errors. The learned selectors concentrated nearly all errors at the lowest
margins. In a candidate-ranking system, an abstention policy could therefore route uncertain pairs to a neutral style or a second-
stage check. These results concern uncertainty in the evaluator's binary choice; they should not be generalized to factual
confidence, conversational safety, or a generator's verbalized certainty (Tian et al., 2023; Xiong et al., 2024).

Cross-context stability by social-relation type
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Figure 5. Cross-context paired direction accuracy across the six social-relation types represented in BIG5-CHAT.

4.7 Statistical comparisons and integrated interpretation
Scenario-cluster inference confirmed the large differences (Table 10). Adapter exceeded prompt by 21.37 PDA points, with a 95%
cluster-bootstrap interval of [20.54, 22.17] and Holm-adjusted p < .001. Retrieval exceeded prompt by 20.99 points, interval
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[20.15, 21.84], also p < .001. Adapter exceeded retrieval by 0.39 points, interval [0.17, 0.60], p < .001. The last comparison is
statistically detectable because the test contains 7,455 paired decisions, but its practical size is modest relative to the roughly 21-
point gains over the cue proxy.

Table 10. Cluster-bootstrap paired-accuracy differences and Holm-adjusted scenario-level sign-flip tests.

Comparison Difference (pp) 95% Cl (pp) Holm p
Lightweight Adapter minus Persona Prompt 21.37 [20.54, 22.17] <.001
Lightweight Adapter minus Persona Retrieval 0.39 [0.17, 0.60] <.001
Persona Retrieval minus Persona Prompt 20.99 [20.15, 21.84] < .001

Control versus reliance on narrow personality cues
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Figure 6. Control versus dependence on the fixed narrow trait-cue lexicons. Bubble area is proportional to mean scenario cosine,
a textual fidelity proxy.

Taken together, the results favor retrieval when near-maximum control, slightly lower aggregate ECE, and a simple exemplar
mechanism are priorities. The adapter provides the best PDA, AUROC, Brier score, relation floor, and AURC, but only narrowly
improves on retrieval and has the highest cross-trait entanglement. The prompt proxy is transparent and less entangled, yet its
control is weaker, more trait-dependent, and entirely removed by masking its lexicon. A practical design would therefore
combine a learned selector with trait-specific audits, length controls, calibrated abstention, and evaluation on genuinely
generated multi-turn conversations before deployment.

5. Conclusions

This study evaluated Big Five persona control on the complete matched portion of BIG5-CHAT. A duplicate-safe scenario split
retained 9,936 scenarios and 49,680 high/low pairs. On 1,491 unseen test scenarios, PDA was 77.97% for a fixed cue-based
prompt proxy, 98.96% for weighted retrieval, and 99.35% for a character-ngram lightweight adapter. The adapter-prompt and
retrieval-prompt advantages were approximately 21 points under scenario-cluster inference, while the adapter's 0.39-point gain
over retrieval was statistically reliable but practically small.
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Strong aggregate control was accompanied by stable performance across all six SODA relations. The adapter's worst relation
remained at 98.89% PDA, and retrieval's at 98.24%. Calibration and abstention added an operational benefit: at 90% coverage,
retrieval made two errors per approximately 6,700 retained pairs and the adapter made none in this test sample. Selected-
response fidelity was correspondingly high because both learned methods almost always chose the intended fixed candidate.
These outcomes establish a robust corpus-level control signal across unseen scenarios.

The diagnostic results place important limits on that success. Length alone ordered 67.28% of pairs, so response verbosity
carried label information. Fixed cue masking destroyed the prompt proxy but barely changed retrieval or adaptation, showing
that their control was distributed beyond the narrow lexicons. Personal names were uninformative. More consequentially, cross-
trait entanglement was 27.12% for retrieval and 28.97% for the adapter, compared with 9.33% for prompt. Near-perfect target
discrimination therefore did not imply independent Big Five axes.

The safest conclusion is that BIG5-CHAT supports highly reliable selection between matched high- and low-level responses,
especially with retrieval or lightweight adaptation, while also encoding shared stylistic structure across traits. The study does not
measure demographic stereotypes, open-ended generation, multi-turn persistence, factual helpfulness, or model-internal
uncertainty. Future work should generate new responses under the three conditioning families, obtain blinded human judgments
of trait strength and conversational quality, apply established social-bias benchmarks where demographic constructs are actually
represented, and test stability across longitudinal interactions. Until then, calibrated abstention, relation-wise reporting, length
checks, and cross-trait diagnostics provide a concrete standard for judging whether stronger persona control remains useful
rather than merely more recognizable.
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