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The advent of large language models (LLMs) has revolutionized natural

language processing, enabling the generation of coherent and contextually
relevant human-like text. As LLMs increasingly power conversational
agents used by the general public worldwide, the synthetic personality
traits embedded in these models by virtue of training on large amounts of
human data are becomingincreasingly important to evaluate. The stylein
which LLMs respond can mimic different human personality traits. Here,

as these patterns can be a key factor determining the effectiveness of
communication, we present a comprehensive psychometric methodology
for administering and validating personality tests on widely used LLMs,

as well as for shaping personality in the generated text of such LLMs.
Applying this method to 18 LLMs, we found that: personality measurements
inthe outputs of some LLMs under specific prompting configurations
arereliable and valid; evidence of reliability and validity of synthetic LLM
personality is stronger for larger and instruction-fine-tuned models; and
personality in LLM outputs can be shaped along desired dimensions to
mimic specific human personality profiles. We discuss the application and
ethical implications of the measurement and shaping method, in particular
regarding responsible artificial intelligence.

Large language models (LLMs) have revolutionized everyday search,
writing and chatbot systems with their ability to generate fluent,
human-like text. As LLMs become ubiquitous and increasingly used
by the general public worldwide, the synthetic personality traits embed-
dedinthese models and their potential for misalignment are becoming
atopic ofimportance for responsible artificial intelligence (Al). Some
observed LLM agents have inadvertently manifested undesirable per-
sonality profiles’, raising serious safety and fairness concerns in Al,
computational social science and psychology research’.

LLMs are large-capacity machine-learned models that gener-
ate text; they have recently inspired major breakthroughs in natural
language processing and conversational agents®. Vast amounts of
human-generated training data® enable LLMs to mimic human char-
acteristicsin their outputs and exhibit aform of synthetic personality.
Personality encompasses an entity’s characteristic patterns of thought,
feelingand behaviour”. In humans, personality is formed from biologi-
calandsocial factors, and fundamentally influences daily interactions
and preferences’. Psychometrics, the science of psychological test
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Fig. 1| Process for establishing construct validity. First, LLMs respond to 2
personality tests, where responses are resampled 1,250 times across varied
combinations of biographic descriptions and item instructions. This resultsin

diverse distributions of paired data (one point estimate per model) required for
evaluating the reliability, convergent validity, discriminant validity and criterion
validity of these tests.

construction and validation', provides an empirical framework for
evaluating human personality through psychometric testing". So far,
validated psychometric methods for human personality measurement
have not beenapplied to LLMs end-to-end; although past studies® have
attempted to measure personality in LLMs with psychometric tests,
there remains ascientific need to formally evaluate the reliability and
validity of these measurements in the LLM context.

Ourwork answers the open question: Do LLMs mimic human per-
sonality traitsinreliable, valid and practically meaningful ways, and if
so, can LLM-synthesized personality profiles be verifiably shaped along
desired dimensions? We contribute a methodology for administer-
ing an established psychometric personality test to LLMs (Fig. 1). We
uniquely focus on evaluating the statistical reliability and construct
validity of these test data against human psychometrics standards.
First, to administer psychometric tests to LLMs, we develop a struc-
tured prompting method that simulates demographic, contextual and
linguistic variations across thousands of administrations of agiven test
(Fig. 2). Next, we use paired test score data created by this prompting
method to power asuite of statistical analyses that assess the psycho-
metric reliability and construct validity of these resulting measure-
ments. Last, we present a comprehensive prompting methodology
that shapes personality expressed by LLMs at 9 levels using 104 trait
adjectives, which provides further markers of construct validity. See
Fig.1foranoverview of our process for establishing construct validity.

Applying the described methodology to a set of 18 LLMs, we find
that: (1) evidence of the reliability and validity of LLM-synthesized per-
sonality measurementsis stronger for larger and instruction-fine-tuned

models; (2) personality in LLM outputs can be shaped along desired
dimensions to mimic specific human personality profiles; and (3)
shaped personality verifiably influences LLM behaviour in common
downstream (that is, subsequent) tasks, such as writing social media
posts™. Throughout the paper, we intend to qualify mentions of per-
sonality in relation to LLMs as ‘synthetic’ or ‘synthesized’, for clarity.
By providing amethodology for quantifying and validating measure-
ments of personality in LLMs, this work establishes a foundation for
principled Al assessment that is especially important as LLMs and,
more generally, multimodal foundation models continue to grow in
popularity and scale. Leveraging psychometrics, this work translates
established measurement theory from quantitative social science and
psychological assessment to the fledgling science of Al evaluationand
alignment, a field that is poised to grow and necessitates both a solid
foundation and interdisciplinary expertise and perspectives.

The datagenerated by the LLMs tested in this work (including psy-
chometric test scores and open-ended text responses) and the code for
evaluation and analysis are available in a cloud storage public bucket™
and an open-source code repository™, respectively.

Quantifying and validating personality traits
inLLMs

LLMs are starting to meet most of the key requirements for human-like
language use, including contextual understanding, coherent and rel-
evant responding, adaptability and learning, question-answering,
dialogue and text generation>*">', These impressive natural language
processing capabilities are a result of the abilities of LLMs to learn
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Examples of controlled prompt variations

For the following task, respond in a way that matches this description: "My favorite food is mushroom ravioli

I've never met my father. My mother works at a bank. | work in an animal shelter."

"| value cooperation over competition”,

For the following task, respond in a way that matches this description: "l blog about salt water aquarium
ownership. I still love to line dry my clothes. I'm allergic to peanuts. I'll one day own a ferret. My mom raised me by

herself and taught me to play baseball."

"| see myself as someone who is talkative",

Fig. 2| Examples of controlled prompt variations. Each prompt systematically
varied across three main parts: anitem preamble, the item itself (for example,
“Ivalue cooperation over competition”, and anitem postamble. Item preambles

consist of a personainstruction, biographic description and item instruction.
Supplementary Tables 1-3 detail all item preambles and item postambles used
across examples.

the distribution of human language, aided by scaling model sizes®”,
training on very large text corpora’®, and further fine-tuning to align
withuser preferences” (see Supplementary Note A.1.1for further back-
ground on LLMs).

Taken together, they enable LLMs to enact convincing,
human-like personas, sparking debate over the existence and extent
of personality?’, human values® and other psychological phenomena?
potentially embedded in these models.

Personality is a foundational socio-behavioural phenomenon in
psychology that, for humans, predicts a broad spectrum of health,
social, economicand political behaviours that are crucial for individual
and societal success”. For example, personality has been extensively
studied as an antecedent of human values*. Decades of research have
further shownhow personality informationis richly encoded inhuman
language®*. LLMs not only comprise the vast sociopolitical, economic
and behavioural data they are trained on but also generate language
thatinherently expresses personality content. For this reason, the abil-
ity tomeasure and validate LLM-synthesized personality holds promise
for Al safety, responsibility and alignment efforts?”’, which have so far
primarily focused on mitigating specific harms rather than examining
more fundamental patterns of model behaviour. Ultimately, personal-
ity asanempirical framework® provides both theory and methodology
for quantifying latent traits in LLMs that are potentially predictive of
LLM behavioursindiverse downstream tasks (see Supplementary Note
A.1.2 onthebackground of personality science).

Recent work has tried to identify unintended consequences of
the improved abilities of LLMs, including their use of deceptive and
manipulative language”, gender, racial or religious bias in behavioural
experiments®’, and violent language, among many others®. LLMs can
alsobe inconsistent in dialogue®, explanation generation and factual
knowledge extraction.

Previous attempts to probe psychological phenomenasuchas per-
sonality and human values in LLMs have informally measured personal-
ity using questionnaires and, insome cases, preliminarily assessed the
quality of LLM questionnaire responses***, Past work has also explored
methods, such as few-shot prompting, to mitigate undesirable and
extreme personality profiles exhibited in LLM outputs. However, so
far,nowork hasaddressed how to systematically measure and psycho-
metrically validate measurements of LLM personality in light of their
highly variable outputs and hypersensitivity to prompting (we further
detail related work in Supplementary Note A.2).

The question of how to systematically verify synthetic personality
in LLMs highlights calls from responsible Al researchers®* to scientifi-
cally evaluate construct validity when studying social-psychological
phenomenain Al systems, as inaccurate conceptions of such phenom-
enadirectlyimpact mitigation and governance efforts. Construct valid-
ity, acentral criterion of scientific measurement™®, refers to the ability
ofameasuretoreliably and accurately reflect the latent phenomenon

(that is, construct) it was designed to quantify. The only published
exploration of personality and psychodemographics in LLMs* ques-
tioned the validity of the survey responses returned by GPT-3; it found
aninconsistent patternin HEXACO Personality Inventory*® and human
value test data. That study preliminarily evaluated measurement qual-
ity in terms of theoretical reliability: how the inter-facet correlations
of GPT-3's HEXACO data aligned with those observed among human
HEXACO data. More formal psychometric evaluations of reliabil-
ity—and more crucially, of construct validity—are required to verify
question-and-answer-based measurements of latent psychological
traits in LLMs. An LLM may display elevated levels of agreeableness
throughits answers on apersonality questionnaire, but those answers
may not forminternally consistent patterns across the entire question-
naire; tests administered to a given LLM may not be empirically reli-
able. Concurrently, thereliability of LLM responses to aquestionnaire
purporting to measure agreeableness may not necessarily reflect its
tendency to behave agreeably across other tasks; tests administered
to LLMs therefore may not be empirically valid. We summarize our
pipeline for evaluating construct validity in Fig. 1, and discuss it in
greater detail in ‘Reliability and construct validity’.

Results

Measuring and validating personality in LLMs

Personality score distributions differed across model families
(Extended Data Fig. 1). However, we encourage readers not to take
these differences at face value. Scientific measurements are neither
accurate nor useful until their reliability and construct validity are
established. We found that LLM personality measurements were reli-
able and valid for medium and large instruction-fine-tuned variants
of PaLM (62B and 540B parameters, respectively). Of all the models
we tested, Flan-PaLM 540B and GPT-40 synthesized human personal-
ity traits best with respect to reliability and validity. The construct
validity columns in Table 1 summarize our personality measurement
and validation results; Supplementary Note A.6 on the personality
measurement results lists further details, such as descriptive statistics
across all results in Supplementary Note A.6.1.

Reliability results. Asthe scores computed for both personality meas-
ures convergently correlated, we focus our reporting of reliability for
our primary measure, the International Personality Item Pool repre-
sentation of the NEO Personality Inventory (IPIP-NEO)*. The results are
summarized in Table 1and raw reliability data are provided in Extended
DataTables1and2. We provide further commentaryin Supplementary
NotesA.6.2and A.6.3.

For models of the same family and size (for example, PaLM,
Flan-PaLM and Flan-PaLMChilla, 62B), instruction-fine-tuned vari-
ants provided much more reliable responses than base variants. For
instance, all reliability metrics for Flan-PaLM 62B and Flan-PaLMChilla

Nature Machine Intelligence | Volume 7 | December 2025 | 1954-1968

1956


http://www.nature.com/natmachintell

Article

https://doi.org/10.1038/s42256-025-01115-6

Table 1| Results summary across experiments, parameters and tested models

Construct validity Shaping
Reliability  Convrg. Discr. 1 Criter. Single Multi. Dwnstr. Overall
Model Variant
PaLM 62B Base oo 0.05 -0.24 oo NT NT NT =
Flan-PaLM
8B IT £ 0.69 0.23 = + - NT =
62B IT + 0.87 0.41 + + + NT +
540B IT ++ 0.90 0.51 + ++ ++ ++ ++
Flan-PaLMChilla 62B CO,IT + 0.87 0.48 ++ + + NT +
Llama 2
7B Base -= -0.01 -0.03 - NT NT NT --
13B Base == -0.01 -0.05 == NT NT NT oo
70B Base -= 0.00 -0.02 -= NT NT NT -
Llama 2-Chat
7B IT + 0.59 0.15 - - - NT -
13B IT ++ 0.82 0.29 ++ = + NT +
70B IT ++ 0.82 0.39 ++ + + ++ +
Mistral 7B
vO.1l Base -- 0.03 -0.01 -- NT NT NT --
Instruct vO.1 IT - 0.28 0.09 + -= -- NT --
Mixtral 8x7B
vO.l MoE, Base == 0.04 0.01 == NT NT NT ==
Instruct vO.1 MoE, IT ++ 0.80 0.40 ++ - + ++ +
GPT-
3.5 Turbo IT ++ 0.84 0.28 ++ - - NT -
40 mini MM, IT ++ 0.81 0.38 ++ + + NT +
40 MM, IT ++ 0.90 0.48 ++ ++ ++ ++ ++
Prompt set parameters
Personality profiles 0 45 32 45
Biographic descriptions 50 50 50 50
Item instructions 5 1 1 0
Items 419 300 300 0
Item postambles 5 1 1 0
Simulated response 1,250 2,250 1,600 2,250
profiles
Responses per model 523,750 675,000 480,000 56,250
Section/Supplementary ‘Reliability ‘Convergent and ‘Criterion ‘Shaping ‘Shaping ‘Real-world
Note results’/6.3  discriminant validity results’  validity results’/8.1 results’/8.2 task
results’/5 results’/10

Convergent validity (Convrg.) summarized by the average convergent correlation between IPIP-NEO and BFI domain scores (Extended Data Fig. 2 and Extended Data Table 3); discriminant
validity (Discr.) summarized by the average absolute difference between an IPIP-NEO domain’s convergent correlation with all of its respective discriminant correlations (see Extended Data
Table 3); criterion validity (Criter.) summarized from Fig. 3; single-trait shaping performance (Single) summarized from Extended Data Table 6; multiple-trait shaping performance (Multi.)
summarized from Extended Data Fig. 3 and Extended Data Table 7; shaping performance in downstream text-generation task (Dwnstr.) summarized from Fig. 5. Results over LLM variants: base,
instruction-tuned (IT), compute-optimally trained (CO), mixture of experts (MoE) and multi-modal (MM). Overall performance per model summarized across all experiments. - - unacceptable;
- poor to neutral; + neutral to good; + + excellent. *Two items with no variance were removed to compute reliability metrics. Some models were not tested (NT) across shaping experiments. We
conducted independent and concurrent personality-shaping experiments on models where personality test data were sufficiently reliable. Personality shaping in a downstream task was tested

on the most capable model per family.

62B wereinthe mid-to-high 0.90s, on average. By contrast, responses
from PaLM 62B (a pretrained base model) were markedly inconsistent
(-0.55 < Cronbach’s a < 0.67, where ais an internal consistency metric;
see Supplementary Note A.4.1). The same pattern of (un)reliability
was clear for all sizes of Llama 2 and Llama 2-Chat. While Mistral 7B
and Mistral 7B Instruct responded unreliably in general, Mistral 7B

Instruct’s reliability metrics were roughly 2.7-times higher than those
of its base counterpart.

Across different models of the same training configuration (for
example, Flan-PaLM 8B, Flan-PaLM 62B and Flan-PaLM 540B), the inter-
nal consistency reliability (that is, @) of synthetic personality scores
increased with model size (in this case, number of active parameters)
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Fig. 3| Criterion validity evidence of LLM personality measurements per
domain. Each row depicts a personality domain paired with a theoretically
related criterion test, with upwards arrows indicating an expected positive
relationship and downwards arrows indicating an expected negative
relationship. Rows 1and 2: extraversion (EXT), and positive and negative affect,
compared with human baselines (leftmost column)reported in previous
research on personality and affect™. PA, positive affect; NA, negative affect.
Rows 3-6: agreeableness (AGR) with subscales of trait aggression, measured by
the BPAQ. PHYS, physical aggression; VRBL, verbal aggression; ANGR, anger;
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HSTL, hostility. Rows 7-9: conscientiousness (CON) with related human values
of achievement (ACHV), conformity (CONF) and security (SCRT), measured

by PVQ-RR ACHV, CONF and SCRT subscales, respectively. Rows 10 and 11:
neuroticism (NEU) with PA and NA compared with human baselines®. Rows 12
and 13: openness (OPE) with creativity, measured by the creative self-efficacy
(CSE) and creative personal identity (CPI) subscales of the SSCS. N = 22,500 total
LLM observations. All LLM correlations > |0.09 are statistically significant at
P<0.0001 (2-sided values computed using Student’s ¢-distribution; n = 1,250 per
model, per domain).

forinstruction-tuned models. Reliability improved from acceptable to
excellent when comparing the smallest- and largest-tested variants of
Flan-PaLM and Llama2-Chat. Moving from Mistral 7B Instruct to Mixtral
8x7BInstruct (whichuse 7Band 12.9B active parameters, respectively),
reliability improved from unacceptable to excellent. Reliability only
modestly improved with model size when comparing GPT-40 mini with
GPT-40, the only models from OpenAl with confirmed size differences
butsimilar training. Meanwhile, reliability did not scale with model size
for tested base models of the same family.

Convergent and discriminant validity results. Convergent and discri-
minant validity evaluations of LLM personality data allowed us to draw
two conclusions. First, a model’s training paradigm was the clearest
predictor of the validity of its personality measurements: base models
without any instruction fine-tuning categorically failed checks for con-
vergent and discriminant validity. Second, among instruction-tuned
models, these indices of validity improved as a function of model size.
Table1summarizes these results and Extended Data Fig.2 and Table 3
provide further quantitative details.

Convergent validity by model training paradigm. All 30 comparisons
of six pairs of base and instruction-tuned models of identical size
(namely, two PaLM, six Llama 2, two Mistral and two Mixtral variants;

12modelsintotal) revealed a consistent pattern. Personality responses
ofinstruction-tuned models demonstrated markedly stronger conver-
gentvalidity (Extended Data Fig. 2). For example, the average correla-
tions between Llama 27B,13B and 70B’s IPIP-NEO and Big Five Inventory
(BFI)*’ scores were all non-significant and close to zero, whereas scores
of their Llama 2-Chat counterparts showed moderate-to-strong con-
vergent correlations (r.,,, = 0.59, 0.83 and 0.80, respectively). Even
the smallest gain within a model family—Mistral 7B compared with
Mistral 7B Instruct—was substantial (r,,,,, = 0.03, not significant versus
Ir.ony = 0.28). Full statistics are reported in Extended Data Table 3.

Discriminant validity by model training paradigm. Evidence for dis-
criminant validity clearly favoured instruction-fine-tuned models
over base models, when holding model size and family constant. For
instance, all five of Flan-PaLM 62B’s convergent correlations passed
established standards® of discriminant validity. By contrast, PaLM
62B’s discriminant correlations (average rg,. = 0.29) outweighed
their convergent counterparts in many cases (average r.,, = 0.05;
Extended Data Table 3), indicating that, for this model, personality
measurements were not consistent across different modes of assess-
ment. Llama 2-Chat 70B (compare Llama 2-Chat 70B) and Mixtral 8x7B
Instruct (compare Mixtral 8x7B) replicated this pattern. While rela-
tively smaller instruction-tuned models did not fully pass discriminant
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Fig. 4| Ridge plots of Flan-PaLMChilla 62B’s IPIP-NEO personality test scores
(N = 2,250) under 9 targeted prompt conditions, each shaping one Big Five
trait to aspecified level. Each column of plots represents the observed scores
on aspecific IPIP-NEO subscale across all prompt sets (for example, the leftmost
column represents the scores observed for IPIP-NEO extraversion). Each row
depicts the observed personality scores across a single prompt set shaping a

specific Big Five dimension to 1of 9 levels (for example, the first row shows results
of shaping extraversion; n = 450 observations per row). Each ridge plot comprises
nine traces of personality score distributions in response to prompt sets targeting
each level (for example, traces labelled ‘3’ represent the prompt set shaping a
dimension tolevel 3 of 9). The plots along the diagonal, from top left to bottom
right, depict the intended personality shaping results across all Big Five traits.

validity checks, they did show clear improvements over their respective
base versions.

Convergentvalidity by model size. Convergent validity scaled with size
forinstruction-tuned models (Extended Data Fig. 2 and Extended Data
Table 3). The convergent validity of relatively smaller instruction-tuned
model measurements was inconsistent or poor. Flan-PaLM 8B’s
IPIP-NEO neuroticism and BFI neuroticism, for instance, correlated
above 0.80 (constituting excellent convergent validity), while IPIP-NEO
openness and BFl openness subscales correlated at less than 0.40 (indi-
catinginadequately low convergence). The same pattern emerged for
Llama 2-Chat 7B. Mistral 7B Instruct’s convergent validity performance
was poor. By contrast, convergent correlations grew stronger and more
uniform in magnitude for relatively large models (that is, those with
greater numbers of active parameters; Supplementary Note A.12.1).
Convergence between LLM IPIP-NEO and BFI scores was strongest for
Flan-PaLM 540B and GPT-40 (average r.,, = 0.90).

Discriminant validity by model size. Holding the model training para-
digm constant, indices of discriminant validity similarly improved with
size for instruction-tuned models. The absolute magnitude of all five
convergent correlations between the IPIP-NEO and BFI for Flan-PaLM

62B, Flan-PaLM 540B, Llama 2-Chat 70B and Mixtral 8x7B Instruct
were the strongest of their respective rows and columns under the
multitrait-multimethod matrix* framework described in Supplemen-
tary Note A.4.2. Comparatively, only three of Flan-PaLM 8B’s, three of
Llama 2-Chat 7B’s and two of Mixtral 8x7B Instruct’s convergent cor-
relations were the strongest of their row and column of their respec-
tive multitrait-multimethod matrices, indicating mixed evidence of
discriminant validity. This patternis further supported by increasesin
the average distance (4) betweena matrix’s convergent and respective
discriminant correlations when progressively comparing models of
similar training paradigms by size in Extended Data Table 3: Flan-PaLM
8B with Flan-PaLM 540B; Llama 2-Chat 7B with Llama 2-Chat 70B; and
Mistral 7B Instruct with Mixtral 8x7B Instruct. Average 4 alsoimproved
when comparing GPT-40 mini with GPT-40, albeit modestly. While the
exact size difference between these two closed models is unknown,
their similar performance on this metric mirrors that of Flan-PaLM at
62B versus 540B parameters. This could suggest that the convergent
and discriminant validity of LLM personality measurements plateaus
for models of sufficient size.

Criterion validity results. The criterion validity of synthetic per-
sonality measurements in LLMs, relative to their convergent and
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Fig. 5| Ability of psychometric tests to accurately predict downstream
LLMbehaviour. The ability of LLM psychometric tests to accurately predict
synthetic personality levels ina downstream text generation task (i.e. writing
social media status updates) compared with human baselines reported in
previous work*®, quantified as Pearson’s correlations. On average, LLM IPIP-NEO
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scores outperformed human IPIP-NEO scores in predicting text-based levels of
personality, indicating that LLM personality test responses accurately capture
latent LLM personality levels manifested in downstream behaviour. N=9,000 total
LLM observations. All LLM correlations are statistically significant at P < 0.0001
(2-sided values computed using Student’s ¢-distribution); n = 2,250 per model.

discriminant validity, similarly varied across LLM size and instruction
fine-tuning. Measurements of larger, instruction-fine-tuned mod-
els showed stronger criterion validity compared with those of their
smaller, non-instruction-tuned counterparts. Figure 3 summarizes
the results by Big Five domain. We provide an extended discussion of
theseresultsin Supplementary Note A.11.1.

Extraversion. Human extraversion strongly correlates with positive
affect and moderately, but negatively correlates with negative affect™.
Simulated IPIP-NEO Extraversion scores for all but base PaLM models
sufficiently correlated with the Positive and Negative Affect Sched-
ule (PANAS) scales*’, supporting their criterion validity. IPIP-NEO
Extraversion for all three Llama2 models, Mistral 7B and Mixtral 8x7B
(all base models) failed to demonstrate criterion validity, in contrast
to their instruction-tuned equivalents, which on the whole showed
excellent evidence of validity. Two exceptions were Llama 2-Chat 7B
and Mistral 7B Instruct: their extraversion measurements showed
questionable-to-poor criterion validity, although both still outper-
formed their base models. Within instruction-tuned models of agiven
family, criterion validity scaled with model size.

Agreeableness.In humans, agreeablenessis strongly and inversely asso-
ciated with aggression**>, Along the axis of size for instruction-tuned
models, IPIP-NEO Agreeableness showed large jumpsin criterion valid-
ity from small-to mid-sized variants withina family, but then plateaued,
with larger models yielding at most modest additional gains. Size was
likewise linked to modest improvements in validity for GPT-40 and
GPT-40 mini. By contrast, LLM-specific criterion validity for agreea-
bleness failed to emerge for every base model, with the exception of
PaLM 62B.

Meanwhile, the training paradigm related more to criterion valid-
ity for Llama2 and Mixtral. IPIP-NEO agreeableness for all base Llama 2
models and Mixtral 8x7B failed to adequately and significantly corre-
late with any Buss—Perry Aggression Questionnaire (BPAQ)** subscale,
demonstrating unacceptable criterion validity. Agreeableness meas-
urements for all sizes of Llama 2-Chat and Mixtral 8x7B Instruct showed
moderate-to-excellent criterion validity. For Mistral 7B and Mistral 7B
Instruct, instruction tuning related to only a modest improvement in
criterion validity, from unacceptable to poor. We could not compare

performance across tested GPT-40 models on the basis of post-training
status as, at the time of this writing, OpenAl does not publicly offer a
foundation model variant for this family.

Conscientiousness.In humans, conscientiousness is meta-analytically
related to the human values of achievement, conformity and secu-
rity?*. Figure 3 shows how the conscientiousness measurements of all
instruction-fine-tuned PaLM variants exhibited stronger evidence of
criterion validity than those of the base model, PaLM 62B. Flan-PaLM
540B was the best performer by a small margin, with criterion corre-
lations of 0.74, 0.73 and 0.59 for the Revised Portrait Value Question-
naire (PVQ-RR)** scales for achievement, conformity and security,
respectively. Instruction-tuned variants of tested Llama 2, Mistral and
Mixtral models replicated this finding. Nevertheless, criterion validity
for this domain did not scale consistently with size. Llama 2-Chat 7B,
forexample, outperformeditslarger counterparts in howits conscien-
tiousness scores correlated with achievement (r= 0.51). GPT-40 mini’s
scores related slightly more to achievement and security compared
with GPT-40’s scores.

Neuroticism. Human neuroticism is strongly positively correlated
with negative affect and moderately negatively correlated with posi-
tive affect®. IPIP-NEO Neuroticism for all instruction-tuned models,
compared with base models, showed excellent evidence of criterion
validity in their relation to PANAS scales (Fig. 3). IPIP-NEO Neuroti-
cism’s criterion validity increased with model size for instruction-tuned
models, interms of how the strengths and directions of their criterion
correlations aligned with those observed among human data®.

Openness. Openness to experience in humans is empirically linked
to creativity across multiple studies***°, Figure 3 illustrates how
the criterion validity of openness measurements was strongest for
larger, fine-tuned variants of PaLM and Llama 2. IPIP-NEO criterion
correlations with the Short Scale of Creative Self (SSCS)* creative
self-efficacy (CSE) and creative personal identity (CPI) ranged from
moderate (r= 0.59) tostrong (r = 0.84). Notably, we observed negative
correlations between openness and creativity for PaLM 62B in contrast
to those shown for Flan-PaLM 8B, the smallest model tested. Mistral
7B Instruct and Mixtral 8x7B Instruct’s openness data demonstrated
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weak-to-moderate evidence of criterion validity. Relative model size
modestly related to the validity of openness scores for GPT-40 mini
and GPT-40.

Shaping results

We successfully shaped personality traits in LLMs independently and
concurrently, in single- and multi-trait shaping experiments, respec-
tively. The results of both experiments are reported in greater detail
in Supplementary Note A.8.

Single-trait shaping. For 11 out of 12 models tested, ordinal targeted
levels of personality very strongly correlated with observed IPIP-NEO
scores. Namely, the average Spearman correlation (p) for these mod-
elswas >0.80 (Extended Data Table 6). Figure 4 visualizes this overall
pattern, depicting, for example, how Flan-PaLMChilla 62B’s personal-
ity scores monotonically increased alongside prompted levels of a
given Big Five trait. Notably, levels of unprompted traits remained
relatively stable in response to shaping. For instance, the medians of
Flan-PaLMChilla 62B’s openness scores remained near 3.00 when all
other Big Five domains were shaped—see the right side of Fig. 4. Similar
patterns of stability were observed for extraversion and agreeable-
ness. Conscientiousness and neuroticism scores fluctuated the most
in response to prompts that did not target those domains, but these
fluctuations did not reach the strength and direction of the score
changes observedintheridge plots of targeted traits (that is, the plots
on the diagonal, from top-left to bottom-right).

The absolute change in model personality scores in response to
shaping was another important consideration. Only relatively larger
models were able to disambiguate prompts requesting the lowest
(versus highest) levels of a targeted dimension. Extended Data Table 6
shows the distances (4s) between the medians of IPIP-NEO score dis-
tributions obtained in response to the lowest- and highest-levelled
prompts, where the best possible 4, representing an average score
change from1.00t05.00,is4.00. Our smallest tested models (namely,
Flan-PaLM 8B, Llama 2-Chat 7B and Mistral 7B Instruct) struggled to
reach4s >2.00; Mistral 7B Instruct’s median personality domain scores
shiftedby a4 of only 0.78 on average. Meanwhile, models with greater
than 62B active parameters (and GPT-40) achieved average 4 > 3.00,
with Flan-PaLM 540B achieving the largest 4 of 3.67.

Supplementary Note A.8.1 discusses single-trait shaping results
ingreater detail.

Multiple-trait shaping. When we concurrently set the prompted
trait levels of each Big Five dimension to either ‘extremely high’ or
‘extremely low’, all tested models struggled to show the same level of
control observed in single-trait shaping. However, all but two models
tested (Mistral 7B Instruct and Llama 2-Chat 7B) produced distinct
distributions of personality test scores, showing varying abilities to
differentiate between high and low levels. Extended Data Fig. 3 shows
the distributions of LLM-synthesized personality when the models
were prompted to exhibit extremely low (red) or extremely high (blue)
levels of all dimensions in parallel.

Distributional distance increased with model size, particularly
for observed neuroticism, openness and conscientiousness scores
(Extended Data Table 7). Flan-PaLM 540B, our largest tested model in
terms of known parameter size, and GPT-40 showed the best overall
control concurrently shaping multiple Big Five traits. For these mod-
els, a given Big Five trait score shifted by 2.525 points on average, as
shown in the 4 columns of Extended Data Table 7a and 7d. Flan-PaLM
62B, Flan-PaLMChilla 62B and GPT-40 mini outperformed their larger
counterparts on shaping extraversion, with 4 values of 3.44,3.40 and
3.42, respectively.

For smaller models (for example, Flan-PaLM 8B, Llama 2-Chat 7B
and Mistral 7B Instruct), while targeted traits changed in score levels
inresponse to prompts, score ranges were morerestricted, indicating

lower levels of control. Flan-PaLM 8B’s median scores on IPIP-NEO
Agreeableness, for instance, shifted from 2.88 to only 3.52 when the
model was prompted to simulate ‘extremely low” and ‘extremely
high’ levels of agreeableness (that is, 1 versus 9), respectively. When
Flan-PaLM 8B was given the same extremely low and high prompts
asinthe first shaping experiment, the median difference between its
level-1-prompted and level-9-prompted agreeableness scores (2.37 and
4.12, respectively) was173% larger. Supplementary Note A.8.2 discusses
these results in further detail.

Real-world task results

We found that psychometric tests of LLM personality robustly pre-
dicted personality in LLM task behaviour, expressed in social media
status updates generated by Flan-PaLM 540B, Llama 2-Chat 70B, Mix-
tral 8x7B Instruct and GPT-40. Psychometric test-based personality
strongly correlated with language-based personality levels observed
indownstream generated text across all tested models, shownin Fig. 5.

In particular, the average convergent r between survey- and
language-based measures of all five dimensions was 0.67 across mod-
els. This observed convergence, even for the weakest-performing
model, exceeded established convergence between survey- and
language-based levels of personality reported for humans (average
r=0.38)*,

Moreover, our prompting technique was highly effective at shap-
ing personality levels in LLM-generated text. On average per model,
prompted trait levels correlated strongly to very strongly with per-
sonality observed in LLM-generated social media updates (average p
ranged from 0.68to 0.82; Extended Data Table 5).

Toillustrate the practical implications of the personality-shaping
methodology, we generated word clouds to gain insights into
model-generated language that users would see. Extended Data Fig. 4
shows the most frequent words insynthetic social media updates when
Flan-PaLM 540B simulated varying levels of different traits. The dif-
ferences in terms are quite apparent. For instance, LLM-generated
language in response to prompting for extremely high emotional
stability (that is, extremely low neuroticism) was characterized by
positive emotionwords, such as ‘happy’, ‘relaxing’,‘wonderful’,‘hope’
and ‘excited’. By contrast, the most frequent words from simulating
extremely high levels of neuroticism—‘hate’, ‘depressed’, ‘angry’, ‘bad’,
‘nervous’ and ‘sad’—reflected negatively charged emotional content.

Supplementary Table 8 provides example social media updates
generated by Flan-PaLM 540B when setting a specific personality
domain either extremely low or extremely high. For instance, in the
case of extremely low conscientiousness, the generated text reflects
a synthetic persona that avoids responsibility, while in the case of
extremely high conscientiousness, the persona values hard work and
returning favours. In addition, in our example of extremely low open-
ness, the persona expresses conservative political views, while in the
case of extremely high introversion (that is, extremely low extraver-
sion), the persona exhibits discomfort with social situations. These
and other examplesillustrate that there might beinherent biasin LLM
training data that causes particular patterns of thinking, feeling and
behaving to be highly associated with specific LLM personas. Overall,
this study demonstrated that LLM-generated language was similar to
human language observed in previous studies assessing personality
insocial media data*®, further confirming the construct validity of our
LLM personality measurements.

Discussion

The goal of this work was to contribute a principled methodology to
reliably and validly measure synthetic personality in LLMs and use
the same validated methodology to shape LLM personality expres-
sion. We developed a complete framework to: (1) quantify personality
traits perceived by humansin LLM outputs using psychometric testing;
(2) verify whether psychometric tests of LLM personality traits were
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empirically reliable and onamodel-by-modelbasis; and (3) implement
mechanisms to systematically shape levels of specific LLM personality
traits. Unlike earlier Al personality assessment work that left validity
open-ended, we applied this construct-validation framework across
18 models and thousands of prompt variations. The application of this
methodology demonstrates that the IPIP-NEO provides reliable and
valid measurements of synthetic personality for sufficiently scaled
and instruction-tuned LLMs. Furthermore, it highlights possible
mechanisms that allow LLMs to encode and express complex social
phenomena (Supplementary Note A.11).

Limitations and future work

Personality traits of other LLMs. One of the core contributions of
this work is an understanding of how simulating personality in lan-
guage models is affected by model size and level of (post-)training.
We focused onbase and instruction-tuned variants of the PaLM, Llama
2, Mistral, Mixtral and GPT model families for pragmatic reasons, but
the presented methodology for administering psychometric surveys
is model agnostic and is applicable to any decoder-only architecture
language model.

Psychometric test selection and validation. This work also con-
tributes a principled way to establish the reliability and validity of
psychometric personality tests in the LLM context. However, this
work may be biased by its selection of psychometric tests; some
assessments may show better LLM-specific psychometric properties
than others. We attempted to mitigate selection bias by administering
personality assessments of different lengths (300 versus 44 items)
and distinct theoretical traditions (questionnaire versus lexical").
Future work could administer different personality tests (for exam-
ple, the HEXACO Personality Inventory, which uses a cross-cultural
six-factor taxonomy of personality®®), develop personality tests
tailored for LLMs to obtain more accurate trait measurements, and
validate personality measurements with additional external criteria
and downstream tasks.

Monocultural bias. This work contributes evidence that at least
some LLMs exhibit personality traits that approximate human stand-
ards of reliability and validity. However, the LLMs tested here were
primarily trained on language data originating from Western Euro-
pean and North American users. While these LLMs perform well on
natural language processing benchmarks in multiple languages, the
modelsin this work were assessed exclusively with English-language
psychometric tests. Most of the tests used in this work have
non-English translations validated in cross-cultural psychology that
merit future use in LLM research. Similarly, while the Big Five model
of personality has well-established cross-cultural generalizability*,
some non-Western cultures express additional personality dimen-
sions that do not exist in top-down, nomothetic personality tax-
onomies such as the Big Five®’. Those dimensions may be better
represented in culture-specific (that is, idiographic) approaches to
measuring personality in LLMs.

Evaluation settings. Unlike conventional human psychometric test
administration, under the presented methodology, evaluated LLMs
did not consider responses to previous test items; all items were
presented and scored asindependent events. We chose this method
to ensure that model response variance was not impacted by item
ordering effects or length of the context (prompt) provided to the
modelforinference, and could beisolated to controlled variationsin
our prompts. LLM performance on natural language tasks is known
to decrease as length of input prompts grow, and is most affected
by the content at either the beginning or towards the end of long
inputs®. Pretrained-only base LLMs are known to show biased atten-
tionfor morerecent tokens (thatis, the end of inputs), especially when

evaluating next-word prediction of contiguous text®>. This uneven

attention compounds approximation errors in longer contexts®,
such as those necessitated by 300-item IPIP-NEO used here, which
further motivated our design decision to administer items to models
independently. However, psychometric test data quality for humans
can be affected by test length and item order. Our method avoids
many sources of measurement error inherent to human administra-
tion, while being subject to others inherent to machine administra-
tion. In addition, model responses to the items were constrained to
set choices or determined by next-token log-probability scoring to
ensure reproducibility. LLMs are more commonly used to generate
text freely outside of these constraints. As such, more evaluations
allowing unstructured generative modes of inference (for example,
our downstream status update task) might provide more realistic
estimates of amodel’s behaviour.

Real-world use cases. Our downstream task relied on repeated, yet
single-turnbehaviouralinteractions to validate our evaluation frame-
work in a real-world use-case. This may have provided only a partial
picture of external validity. We echo the scientific principles of psy-
chological assessment, and reiterate that the process of construct
validation is ongoing®: we hope that future research can extend our
investigation of validity by developing downstream tasks that test
particular personality domains, vary in complexity and transpire over
multiple turns of dialogue.

Broader implications

Responsible Al alignment. As governments finalize Al safety regula-
tions and similar rules that will require behavioural audits of frontier
models, our findings show that personality—a core driver of human
trust and persuasion—can already by measured and steered intoday’s
LLMs. The ability to probe and shape LLM personality traitsis pertinent
to the open problem of responsible Al alignment®* and harm mitiga-
tion®. Asa construct-validated auditing tool**, our methodology canbe
used to proactively predict toxic behavioural patternsin LLMs across
abroad range of downstream tasks, potentially guiding and making
more efficient responsible Al evaluation and alignment efforts before
deployment. Similarly, shaping levels of specific traits away from toxic
or harmfullanguage output (for example, very low agreeableness, high
neuroticism) can make interactions with LLMs safer and more inclusive.
The values and moral foundations present in LLMs could be made to
better align with desired human values by tuning for corresponding
personality traits, as personality is meta-analytically linked to human
values”. More directly, the presented methodology can be used to
rigorously quantify efforts towards human value alignment in LLMs
by establishing the construct validity of human value questionnaires
inLLMs.

Implications for users. Users could more meaningfully engage with
agentic and other digital technologies using LLMs tailored to their
specific personality profiles. A user who prefers direct, concise com-
munication could interact with a customer service Al agent shaped
to deliver straightforward, brief responses, while another user who
values detailed, empathetic interactions could benefit from an agent
persona designed to communicate warmly and expansively. Our
construct-validation methodology canalso serve as a quality-assurance
step when hardening user-facing Al systems and agents, promot-
ing safer and more consistent personality profiles. Indeed, the
personality-shaping approach could enhance adversarial testing by
probing another LLM'’s responses and to train new models on how to
handle adversarial situations.

Ethical considerations
Personalized LLM persuasion. Adapting the personality profile of a
conversational agent to that of a user can make the agent more effective
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atencouraging and supporting behaviours®. Personality matching has
been shown to increase the effectiveness of real-life persuasive com-
munication®. However, the same personality traits that contribute to
persuasiveness and influence could be used to encourage undesirable
behaviours. As LLM-powered digital applications become ubiquitous,
their potential to be used for harmful persuasion of individuals, groups
and even society at large must be taken seriously. Having scientifi-
cally vetted methods for LLM personality measurement, analysis and
modification, such as the methodology our work presents, increases
the transparency and predictability of such LLM manipulations. Per-
suasive techniques are already ubiquitous in society, so stakeholders
of Al systems must work together to systematically determine and
regulate Al use; this work aims to inform such efforts.

Anthropomorphized Al. Personalization of conversational agents
has documented benefits®®, but there is a growing concern about the
harms posed by the anthropomorphization of Al. Recent research sug-
gests that anthropomorphizing Al agents may be harmful to users by
threatening their identity, creating data privacy concerns and under-
mining well-being®. Beyond qualitative probing explorations, our
work definitively establishes the unexpected ability of LLMs to appear
anthropomorphic, and to respond to psychometric tests inways con-
sistent with human behaviour, because of the vast amounts of human
language data they have trained on. Given that personality shapes
trust, our method offers a quantitative foothold for aligning future Al
systems with—and protecting them from—human social expectations.

Detection of incorrect LLM information. LLMs can generate con-
vincingbutincorrect responses and content®. One of the methods to
determine whether a text containing a world fact is generated by an
LLM (and hence might require vetting) is to identify psycholinguistic
patterns known to pervade ‘factual’ LLM language, such as lower levels
of emotional expression®’. However, with personality shaping, that
method may be rendered ineffective, thereby making it easier for bad
actors to use LLMs to generate misleading content. This problem is
part of the larger alignment challenge and grounding of LLMs—areas
of growing focus of investigation in both academia and industry.

Conclusion

LLMs clearly project human-like personality, yet rigorous tools for
measuring such complexsocial constructs remainunderdeveloped. We
close that gap with the first psychometrically grounded framework for
quantifying personality in LLMs, evaluating the test data of 18 widely
used models against established standards of reliability and validity
from psychometrics. We found that larger, instruction-tuned systems
passthese standards with greater ease, illustrating that synthetic per-
sonality grows more stable and accurate for language models with suf-
ficient post-training and scale. Further leveraging our framework, we
introduce zero-shot personality shaping: by pairing specific language
markers and qualifiers, we showed how LLMs can be steered towards
targeted personality profiles with high fidelity. In addition, we dis-
cussed the ethical implications of shaping LLM personality traits. This
work hasimportantimplications for Al alignment and harm mitigation,
andinforms ethics discussions concerning Al anthropomorphization,
personalization and potential misuse.

Methods

Methodology overview

We quantified and evaluated the ability of LLMs to meaningfully emu-
late human personality traits intwo stages. First, using the structured
prompting methodology proposed in ‘Administering psychometric
tests to LLMs’, we repeatedly administered 2 personality measures of
differentlengths and theoretical traditions to a variety of LLMs, along-
sideabattery of 11 separate psychometric tests of personality-related
constructs. Second, as described in ‘Reliability and construct validity’

and unique to this work, we rigorously evaluated the psychometric
properties of LLM responses through a suite of statistical analyses
of reliability and construct validity. The resulting metrics facilitate
a comparison of the varied abilities of LLMs to reliably and validly
synthesize personality traits and provide insightinto LLM properties
that drive these abilities. Figure 1 provides an overview of the test
validation process.

Weevaluated 18 LLMs from the PaLM?®, Llama 2%, Mistral®*, Mixtral®
and GPT**® model families. We varied model selections across three key
dimensions: size (number of active parameters), instruction tuning and
training method (see Supplementary Note A.3.1for details).

Administering psychometric tests to LLMs. Quantifying the per-
sonality traits of LLMs requires a measurement methodology that
is reproducible, yet flexible enough to facilitate formal testing of
reliability and validity across diverse prompts and measures. To
administer psychometric tests to LLMs, we leveraged their ability to
score possible completions of a provided prompt. We used prompts
toinstruct models torateitems (thatis, descriptive statements such
as ‘lamthelife of the party’) from each psychometric test on astand-
ardized response scale (for example, 1= ‘strongly disagree’ versus
5="‘strongly agree’). We simulated an LLM’s chosen response to an
item by ranking the conditional log probabilities of its response
scale options, framed as possible continuations of the prompt (for
example, ‘1’ versus ‘5’); Supplementary Note A.3.2 specifies our imple-
mentation across models. This constrained mode of LLM inference
is often used in multiple choice question-and-answer tasks to score
possible options® (versus inference by generating text). Using this
technique ensured that item responses were not influenced by con-
tent contained in other items, mitigating measurementerror due to
item order.

We administered two personality inventories—primary and sec-
ondary—to assess whether LLM responses to psychometric tests of dif-
ferentlengths and distinct theoretical traditions converged, indicating
convergent validity. We selected the widely used IPIP-NEO*, a300-item
open-source representation of the Revised NEO Personality Inventory®®
as our primary measure of personality. As a secondary measure, we
used the BFI*’, a 44-item measure developed in the lexical tradition”.
Both tests assess the Big Five traits (that is, domains) of personality?®,
comprising dedicated subscales measuring extraversion, agreeable-
ness, conscientiousness, neuroticism and openness to experience.
Supplementary Note A.3.3 details the scoring scheme and rationale
behind the selection. To validate these measures of personality in the
LLM context, we additionally administered 11 psychometric tests of
theoretically related external criteria, each corresponding to at least
one Big Five domain.

Response variation generated by structured prompting was
necessary to analyse the reliability and validity of LLM personality
measurements, described in ‘Reliability and construct validity’. The
prompt for each psychometric testitem consisted of three main parts:
an item preamble, the item itself and an item postamble. Each item
preamble contained a persona instruction, a biographic description
and an item instruction (Fig. 2). When administering a psychometric
test, we systematically modified the biographic descriptions, item
instructions and item postambles surrounding each item to generate
simulated response profiles, unique combinations of a prompt that
were reused within and across administered measures to statistically
link LLM response variation in one measure to response variation
in another measure. Persona instructions instructed the model to
follow a given biographic description and remained fixed across all
experiments. A given biographic description contained 1o0f 50 generic
self-descriptions (Supplementary Table 2) sampled from an exist-
ing dialogue dataset’™ to anchor LLM responses to a social context
and create necessary variation in responses across prompts, with
descriptions like ‘I like to bake pies’ or ‘My favorite season is winter’.
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Item instructions were introductory phrases (adapted from original
test instructions where possible) that conveyed to the model that it
was answering a survey item (for example, ‘Thinking about the state-
ment, [...]"). A given item was a descriptive statement (accompanied
by a rating scale) taken from a given psychometric test (for example,
‘Isee myself assomeone whois talkative’). tem postambles presented
the possible standardized responses the model could choose from (for
example, one of [1, 2, 3, 4, 5]).

Supplementary Note A.3.4 discusses the prompt design motiva-
tionand providesafull set of biographic descriptions, iteminstructions
anditem postambles. These criterion measures were drawn from widely
used instruments developed and psychometrically validated forhuman
research, including PANAS scales*’, Buss—Perry Aggression Question-
naire (BPAQ)*, Revised Portrait Value Questionnaire (PVQ-RR)** and
Short Scale of Creative Self (SSCS)*".

Reliability and construct validity

After all psychometric tests were administered, across all the prompt
variations, the next stage established whether LLM measurements
of personality were dependable and externally meaningful—that
they exhibited statistical reliability and construct validity. Address-
ing these two scientific criteria is a key contribution of this work.
In psychometrics, and across any science involving measurement,
the construct validity of a given test requires reliability. Reliability
refers to the consistency and dependability of a test’s measurements.
Construct validity can be evaluated in terms of, but is not limited to,
convergent, discriminant and criterion validity®. A test demonstrates
convergent validity when it sufficiently relates to purported indica-
tors of the test’s target construct. Discriminant validity refers to how
sufficiently unrelated a test is to indicators of unrelated constructs.
Criterion validity indicates how well a test relates to theoretically
linked external outcomes. Supplementary Note A.4 contains further
details onreliability and validity.

To evaluate the reliability and construct validity of the LLM
responses, we conducted a suite of statistical analyses informed by
formal standards of psychometric test construction and validation
(Supplementary Note A.4.2-3). We organized these analyses by three
subtypes of reliability and construct validity, respectively. (While
it was not a focus of this work, we report an exploratory analysis of
structural validity inSupplementary Notes A.5and A.6.3). In thiswork,
apersonality traitis validly synthesized by an LLM only when the LLM
responses meet all tested indices of reliability and construct validity.
Figure 1 provides an overview of the process and validity criteria, and
Supplementary Note A.4 presents the fullmethodology for evaluating
the construct validity of LLM personality measurements.

Reliability. Thereliability of each IPIP-NEO and BFI subscale, the extent
to which their LLM measurements of personality were consistent and
dependable, was quantified by formal psychometric standards of
internal consistency reliability (operationalized as Cronbach’s a and
Guttman’s A;), and composite reliability (operationalized as McDon-
ald’s w). Supplementary Note A.4.1 provides additional information
on thesereliability metrics.

Convergent and discriminant validity. We evaluated the LLM-specific
convergent and discriminant validity of the IPIP-NEO as components
of construct validity, according to published standards®*” (note that
throughout this work, we use thresholds recommended by Evans’™to
describe correlationstrengths). The convergent validity of the IPIP-NEO
for each model, the test’s quality in terms of how strongly it relates to
purported indicators of the same targeted construct, was quantified in
terms of how strongly each of its five subscales convergently correlated
with their corresponding BFI subscale (for example, IPIP-NEO Extraver-
sion’s convergent correlation with BFI Extraversion), on average. The
discriminant validity of the IPIP-NEO per model, its quality in terms of

how relatively unrelated its subscales are to purported indicators of
non-targeted constructs, was determined when the average difference
(4) between its convergent and respective discriminant correlations
withthe BFI (forexample, IPIP-NEO Extraversion’s discriminant correla-
tion with BFI agreeableness) was at least moderate (>0.40). We used
Pearson’s correlation coefficient (r), in these and subsequent validity
analyses of continuous data.

Criterion validity. As another component of construct validity, the cri-
terion validity of a psychometric test gaugesits ability to relate to theo-
retically connected non-target criteria. To evaluate the LLM-specific
criterion validity of the IPIP-NEO, we administered tests of 11 additional
social constructs (that is, external criteria) theoretically connected
to personality (Extended Data Table 4) and correlated each IPIP-NEO
subscale with its corresponding external tests. A given IPIP-NEO sub-
scaledemonstrated criterion validity when the strength and direction
of its correlations with tested external criteria matched or exceeded
statistical associations reported for humans.

Shaping synthetic personality traits in LLMs

Having found evidence of the reliability and construct validity of LLM
personality measurements, we next considered the second part of our
research question: Can LLM-synthesized personality profiles be verifi-
ably shaped along desired dimensions? To answer this question, we
devised aprompting methodology that shaped each synthetic person-
ality trait at 9 intensity levels, using 104 trait adjectives and Likert-type
linguistic qualifiers”. These trait adjectives were adapted from estab-
lished linguistic research of personality using Goldberg’s personal-
ity trait markers”™. We evaluated LLM personality score changes in
response to personality-shaped prompts across two experiments:
single-trait shaping and multiple-trait shaping (see Supplementary
Note A.7 for details). Specifically, our first experiment tested the abili-
ties of LLMs to shape emulated Big Five dimensions of personality
independently, targeting single personality dimensions in isolation
without prompting other dimensions. Our second experiment tested
the abilities of LLMs to shape synthetic Big Five traits concurrently,
specifyingtarget levels of all five dimensionsin every prompt set at the
same time. As a more rigorous test of representational capacity, this
experiment required the tested LLMs to concurrently disambiguate
complex overlaps in personality domain information. The designed
difficulty of the task was further underscored by extant human research
indicating that Big Five personality dimensions measured in question-
naires and natural language*® are not entirely orthogonal; they are
weakly intercorrelated”.

Methodology overview. To shape synthetic personality traits in LLMs,
we began with an established theory in psychology that posits salient
descriptors of personality are encoded in language, known as the
lexical hypothesis®. Weincorporated this knowledge into the prompt
design, adapting Goldberg’s list of 70 bipolar adjectives’™ known to
statistically capture the Big Five model of personality through fac-
tor analyses of human ratings. In this list, for example, the adjectives
‘silent’and ‘talkative’ were found to mark relatively low and high levels
of extraversion, respectively. We mapped these adjectives to each of
the Big Five domains and 30 lower-order personality facets measured
by the IPIP-NEO based on Goldberg’s original study”. Next, where we
lacked coverage of a measured IPIP-NEO domain or facet, a trained
psychometrician wrote additional adjectives to mitigate potential
dataimbalances, bringing our expanded list of trait adjectives to 104.
We report the full listin Supplementary Table 17.

For more precise control of personality levels, we used linguistic
qualifiers often used in Likert-type response scales” (for example, ‘a
bit’, ‘very’, ‘extremely’) to configure atarget level for each adjective. The
resulting prompt design, described in Supplementary Notes A.7.1-2,
facilitated granular shaping of agiven Big Five trait at up to nine levels.
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Across both shaping experiments, we only tested models that
demonstrated at least ‘neutral’ reliability in our construct-validity
experiments (Table 1): Flan-PaLM (8B, 62B, 540B), Llama 2-Chat (7B,
13B, 70B), Mistral 7B Instruct, Mistral 8x7B Instruct, GPT-3.5 Turbo,
GPT-40 miniand GPT-40 (11 models, total).

Evaluation methodology. In the single-trait shaping experiment
(described in detail in Supplementary Note A.7.2), our objective was
toindependently shape each Big Five trait at each of the nine levels. We
benchmarked the success of independent shaping by: (1) quantifying
how strongly shifts in IPIP-NEO score distributions were related to shifts
intargeted trait levels embedded in our prompt sets (that is, through
Spearman’srank correlation coefficient p); and (2) inspecting the dis-
tance between personality score distributions obtained in response
to our most extreme prompt sets; specifically, the set of prompts we
shaped to be the lowest possible levels of a trait (versus those shaped
tobethehighest possible levels of atrait) should result in distributions
of scores that are farther away from each other.

In the multi-trait shaping experiment (described in detail in Sup-
plementary Note A.7.3), to more rigorously test model capacities for
attention, we aimed to concurrently shape all Big Five traits as possible.
Webenchmarked the success of concurrent shaping by distributional
distance, as defined above.

LLM personality traits in real-world tasks

So far we have reported on LLM abilities to encode human personal-
ity traits by collecting psychometric test data and evaluating their
construct validity. We also sought to address possible concerns that
the validity of LLM personality measurements—evidenced by LLM
responses to other psychometric tests—could be an artefact of com-
mon method bias™. In other words, our questionnaire-based signals of
LLM personality were validated by responses to other questionnaires
that have not undergone the same LLM-specific construct-validation
process. To address this risk of common method bias, we further
validated our personality testing and shaping frameworks by: (1)
comparing psychometric test levels of LLM personality with down-
stream observations of model behaviours onareal-world task; and (2)
investigating the effects of LLM personality shaping on the outputs of
this task.

Methodology overview. We instructed the largest tested model per
family to generate up to 1.125 million social media status updates
based on the same 2,250 simulated human profile descriptions used
in ‘Shaping synthetic personality traits in LLMs’—profiles designed
to shape expressions of a particular Big Five dimension across nine
levels. (Supplementary Note A.9 details the task design and rationale.)
The personality observed in the status updates generated for each
simulated human profile was then rated using Apply Magic Sauce”’, a
validated research application programminginterface (API) for meas-
uring personality in open-ended text. The chosen task was designed to
reflect adequate levels of realism, complexity and domain relevance
for evaluating personality expression of LLMs.

To assess how psychometric tests may reflect latent personality
levels expressed by LLMs in downstream behaviour, we computed
Pearson’s correlations (rvalues) between model personality test scores
and (Apply Magic Sauce-computed) personality observed in gener-
ated social media text; both sets of scores were linked by the same
2,250 personality-shaping prompts used in ‘Shaping synthetic per-
sonality traitsin LLMs’. Next, we statistically verified the effectiveness
of personality shaping by computing Spearman’s rank correlations
(p values) between prompted levels of personality and observed per-
sonality ratings of model-generated text. At least amoderate correla-
tion between survey-based and linguistic estimates of personality in
LLMs (as demonstrated in previously reported human data**) would
demonstrate that a survey-based measure of personality accurately

predicts LLM-synthesized personality in subsequent tasks such as
text generation. We similarly applied this threshold to interpret the
effectiveness of personality shaping.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data generated by the LLMs tested in this work, including the
psychometric test score data and open-ended text responses to a
real-world task prompt, have been added to a public data storage
bucket for wider public use®. The psychometric tests used in this study
were accessed from their respective original publications and, where
applicable, publicresearchrepositories. We used items of these tests as
LLM promptinputsinanon-commercial research capacity. The authors
and copyright holders of these tests govern their availability and use.
The 50 biographic descriptions used in our structured prompts were
randomly and reproducibly sampled from the true-cased version™
of the PersonaChat dataset’. PersonaChat is a publicly available,
crowd-sourced dataset of 1,155 fictional human profile descriptions.
For analysis of personality traits on generated text, this work used the
Apply Magic Sauce API”’, avalidated psychodemographic research tool
that predicts personality from open-ended text”.

Code availability

The code used to administer psychometric tests to LLMs is intended
tobeinteroperable across LLMs. That code, along with the remaining
Python and R code used to generate our prompt sets and statistically
analyse reliability, construct validity and trait shaping is found in an
open-source repository for wider public use.
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Extended Data Fig. 1| Distributions of (a) IPIP-NEO and (b) BFI personality relatively more stable compared to (b) BFI scores, where scores for socially-
domain scores across models. Box plots depict model medians surrounded desirable traits increased while NEU scores decreased. n =1, 250 observations per
by their interquartile ranges and outlier values. As models increased in size (for model, per test; N=22,500 total observations per test.

example, Flan-PaLM from 8B to 540B parameters), (a) IPIP-NEO scores were
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Extended Data Fig. 2| Convergent Pearson’s correlations (rs) between IPIP-
NEO and BFI scores by model. Heatmapillustrates the similarities (convergence)
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convergence and provide evidence for convergent validity. EXT = extraversion;

in IPIP-NEO and BFlI score variation for each Big Five domain; the last row
represents average correlations across all personality dimensions for a
model. Stronger positive correlations (blue) indicate higher levels of

AGR =agreeableness; CON = conscientiousness; NEU = neuroticism;

OPE=openness. N=22,500 total paired test observations. All correlations are
statistically significant at p < 0.0001 (two-sided values computed using Student’s
t-distribution, based on n=1,250 observations per model, per domain).
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Extended Data Fig. 3 | See next page for caption.
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Extended DataFig. 3 | Ridge plots comparing model abilities to concurrently distributions for a specific model. Each model-domain subplot comprises two
shape LLM personality traits. Ridge plots showing the effectiveness of traces of score distributions. Red traces represent responses to prompt sets
model variantsin concurrently shaping LLM personality traits, measured by where the domain tested in the subscale (column) is set to ‘extremely low” and the
the distances of IPIP-NEO personality score distributions when models were other four domains are set to one of the two extreme levels an equal number of
prompted to be ‘extremely low’ (Level 1) vs. ‘extremely high’ (Level 9) on a times. Analogously, blue traces represent responses when one domain is set to
particular trait. Each column of plots represents the observed scores onaspecific ~ ‘extremely high’and all other domains are equally set to the two extremes.
domain subscale across all prompt sets. Each row depicts all domain score n=1,600 simulated response profile scores per subplot.
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Extended Data Table 1| IPIP-NEO reliability metrics per model for proprietary (closed-source) models

Cronbach’s Guttman’s McDonald’s Overall
Model Subscale « A6 w Interpretation
EXT 0.57 0.98 1.00 Poor
AGR 0.67 0.99 1.00 Questionable
PaLM 62B CON —0.55 0.93 1.00 Unacceptable
NEU 0.10 0.96 1.00 Unacceptable
OPE —0.35 0.92 1.00 Unacceptable
EXT 0.83 0.94 0.97 Good
AGR 0.88 0.95 0.94 Good
Flan-PaLM 8B CON 0.92 0.97 0.97 Excellent
NEU 0.93 0.97 0.96 Excellent
OPE 0.75 0.92 0.97 Acceptable
EXT 0.94 0.98 0.96 Excellent
AGR 0.95 0.99 0.97 Excellent
Flan-PaLM 62B CON 0.96 0.99 0.98 Excellent
NEU 0.96 0.99 0.97 Excellent
OPE 0.84 0.95 0.93 Acceptable
EXT 0.96 0.99 0.97 Excellent
AGR 0.97 0.99 0.98 Excellent
Flan-PaLM 540B CON 0.98 0.99 0.98 Excellent
NEU 0.97 0.99 0.98 Excellent
OPE 0.95 0.99 0.97 Excellent
EXT 0.94 0.98 0.95 Excellent
AGR 0.96 0.99 0.98 Excellent
Flan-PaLMChilla 62B  CON 0.96 0.97 0.99 Excellent™
NEU 0.95 0.98 0.97 Excellent
OPE 0.90 0.92 0.96 Excellent™
EXT 0.92 0.96 0.94 Excellent
AGR 0.93 0.96 0.95 Excellent
GPT-3.5 Turbo CON 0.95 0.97 0.96 Excellent
NEU 0.95 0.97 0.96 Excellent
OPE 0.88 0.94 0.89 Good
EXT 0.93 0.97 0.95 Excellent
AGR 0.95 0.97 0.96 Excellent
GPT-40 mini CON 0.93 0.96 0.94 Excellent
NEU 0.92 0.96 0.93 Excellent
OPE 0.90 0.95 0.92 Good
EXT 0.97 0.99 0.98 Excellent
AGR 0.97 0.99 0.98 Excellent
GPT-40 CON 0.97 0.98 0.98 Excellent
NEU 0.97 0.99 0.98 Excellent
OPE 0.95 0.97 0.96 Excellent

Consistent with human standards, we interpreted a given reliability metric RM (that is, a, A¢, @) < 0.50 as unacceptable; 0.50 < RM < 0.60 as poor; 0.60 < RM < 0.70 as questionable; 0.70 < RM
<0.80 as acceptable; 0.80 < RM < 0.90 as good; and RM > 0.90 as excellent. * RMs for these subscales were calculated after removing one item with zero variance, since reliability cannot be
computed for items with zero variance. N =10,000 test observations, with n =1, 250 observations per model. Each IPIP-NEO subscale comprises 60 items.
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Extended Data Table 2 | IPIP-NEO reliability metrics per model for open models

Cronbach’s ~ Guttman’s  McDonald’s Overall
Model Subscale «@ A6 w Interpretation
EXT 0.04 0.09 0.22 Unacceptable
AGR 0.03 0.08 0.26 Unacceptable
Llama 2 7B CON 0.05 0.09 0.22 Unacceptable
NEU 0.03 0.08 0.24 Unacceptable
OPE 0.04 0.09 0.21 Unacceptable
EXT 0.07 0.11 0.20 Unacceptable
AGR 0.07 0.11 0.23 Unacceptable
Llama 2 13B CON 0.07 0.11 0.20 Unacceptable
NEU 0.02 0.07 0.24 Unacceptable
OPE 0.00 0.05 0.23 Unacceptable
EXT 0.01 0.06 0.46 Unacceptable
AGR 0.02 0.08 0.47 Unacceptable
Llama 2 70B CON 0.07 0.12 0.43 Unacceptable
NEU 0.00 0.06 0.46 Unacceptable
OPE —0.63 —0.01 0.42 Unacceptable
EXT 0.83 0.88 0.94 Good
AGR 0.85 0.88 0.90 Good
Llama 2-Chat 7B CON 0.84 0.88 0.92 Good
NEU 0.80 0.84 0.92 Good
OPE 0.76 0.82 0.92 Acceptable
EXT 0.90 0.93 0.92 Excellent
AGR 0.92 0.94 0.95 Excellent
Llama 2-Chat 13B CON 0.93 0.95 0.95 Excellent
NEU 0.93 0.95 0.95 Excellent
OPE 0.87 0.90 0.88 Good
EXT 0.89 0.92 0.91 Good
AGR 0.92 0.94 0.94 Excellent
Llama 2-Chat 70B CON 0.93 0.94 0.94 Excellent
NEU 0.92 0.93 0.93 Excellent
OPE 0.81 0.85 0.86 Good
EXT 0.10 0.14 0.23 Unacceptable
AGR 0.03 0.08 0.24 Unacceptable
Mistral 7B CON 0.10 0.15 0.31 Unacceptable
NEU 0.04 0.09 0.25 Unacceptable
OPE 0.12 0.16 0.28 Unacceptable
EXT 0.29 0.33 0.41 Unacceptable
AGR 0.31 0.35 0.42 Unacceptable
Mistral 7B Instruct CON 0.53 0.55 0.53 Poor
NEU 0.45 0.48 0.46 Unacceptable
OPE 0.35 0.39 0.37 Unacceptable
EXT 0.16 0.20 0.43 Unacceptable
AGR 0.11 0.15 0.28 Unacceptable
Mixtral 8x7B CON 0.12 0.16 0.49 Unacceptable
NEU 0.11 0.16 0.44 Unacceptable
OPE 0.08 0.12 0.36 Unacceptable
EXT 0.91 0.94 0.92 Excellent
AGR 0.91 0.94 0.94 Excellent
Mixtral 8x7B Instruct CON 0.93 0.96 0.95 Excellent
NEU 0.93 0.95 0.95 Excellent
OPE 0.82 0.88 0.92 Good

Consistent with human standards, we interpreted a given reliability metric RM (that is, a, A¢, ) < 0.50 as unacceptable; 0.50 < RM < 0.60 as poor; 0.60 < RM < 0.70 as questionable; 0.70 < RM
<0.80 as acceptable; 0.80 < RM < 0.90 as good; and RM > 0.90 as excellent. * RMs for these subscales were calculated after removing one item with zero variance, since reliability cannot be
computed for items with zero variance. N = 12,500 test observations, with n =1,250 observations per model. Each IPIP-NEO subscale comprises 60 items.
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Extended Data Table 3 | Summary of convergent and discriminant validity evidence across models, representing N=22,500

total observations

Avg.  Avg.  Ave
Model Tconv Tdiser A
PaLM 62B 0.05 0.29 —0.24
Flan-PaLM 8B 0.69 0.46 0.23
Flan-PaLM 62B 0.87 0.46 0.41
Flan-PaLM 540B 0.90 0.39 0.51
Flan-PaLMChilla 62B 0.87 0.39 0.48
Llama 2 7B —0.01 0.02 —0.03
Llama 2 13B —0.01 0.03 —0.05
Llama 2 70B 0.00 0.03 —0.02
Llama 2-Chat 7B 0.59 0.44 0.15
Llama 2-Chat 13B 0.82 0.54 0.29
Llama 2-Chat 70B 0.80 0.39 0.42
Mistral 7B 0.03 0.04 —0.01
Mistral 7B Instruct 0.28 0.20 0.09
Mixtral 8x7B 0.04 0.03 0.01
Mixtral 8x7B Instruct 0.80 0.40 0.40
GPT-3.5 Turbo 0.84 0.55 0.28
GPT-40 mini 0.81 0.38 0.43
GPT-40 0.90 0.42 0.48

LLM personality measurements demonstrate convergent validity when the average convergent correlation (r,,,) between equivalent IPIP-NEO and BFI subscales is strong (> 0.60; marked in
italics) or very strong (> 0.80; marked in boldface). Discriminant validity is evidenced when the average difference (A) between a model’s convergent (r,,,) and respective discriminant (r.,)
correlations between personality tests is at least moderate (avg. A > 0.40; shown in boldface). All underlying convergent correlations of models with an average r,,, 20.05 are statistically
significant at p <.0001 (two-sided values computed using Student’s t-distribution; n =1, 250 per model). Supplementary Note A.5 contains further information.
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Extended Data Table 4 | Criterion validity subscales per tested Big Five domain

IPIP-NEO Domain External Criterion External Criterion Tests

PANAS Positive Affect

Extraversion Trait Emotion
PANAS Negative Affect
BPAQ Physical Aggression
Agreeableness Aggression BPAQ Verbal Aggression

BPAQ Anger

BPAQ Hostility

PVQ-RR Achievement
Conscientiousness Human Values PVQ-RR Conformity
PVQ-RR Security
PANAS Negative Affect
PANAS Positive Affect
SSCS Creative Self-Efficacy
SSCS Creative Personal Identity

Neuroticism Trait Emotion

Openness Creativity

PANAS = Positive and Negative Affect Schedule; BPAQ = Buss-Perry Aggression Questionnaire; PVQ-RR = Revised Portrait Value Questionnaire; SCSS = Short Scale of Creative Self.
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Extended Data Table 5 | Associations between instructed and real-world task levels of synthetic personality for the largest
model of each tested LLM family, presented as Spearman’s rank correlation coefficients (p)

Spearman’s p

Flan-PaLM 540B Llama 2-Chat 70B  Mixtral 8x7B Instruct GPT-40

Targeted Trait

Extraversion 0.76 0.85 0.84 0.83
Agreeableness 0.77 0.79 0.84 0.89
Conscientiousness 0.68 0.72 0.77 0.81
Neuroticism 0.72 0.77 0.77 0.74
Openness 0.47 0.76 0.84 0.82

Prompted (ordinal) levels of personality strongly relate to personality levels observed in synthetically-generated social media status updates for all Big Five traits, except openness—which
is moderately correlated with target levels for Flan-PaLM 540B—demonstrating that LLM personality can be verifiably shaped in generative tasks for sufficiently-powerful models. All
correlations are statistically significant at p < 0.0001 (two-sided values computed using Student'’s t-distribution); n = 450 observations per targeted trait.
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Extended Data Table 6 | The effectiveness of single-trait shaping

(a) Effectiveness of Serial Trait Shaping: Flan-PaLM & Flan-PaLMChilla

Targeted Flan-PaLM Flan-PaLMChilla
Ezagls 8B 628 540B 628

Vi
(1-9) p |low, high] A p  |low, high] A p |low, high] A p |low, high] A

EXT 096 [1.67,4.12] 245 0.97 [1.15,4.70] 3.55 0.97 [1.07,4.98] 3.91  0.98 [1.15,4.72] 3.57
AGR 092 [2.37,4.12] 1.75  0.97 [1.50,4.55] 3.05 0.94 [1.23,4.69] 3.46  0.98 [1.40,4.78] 3.38
CON  0.94 [2.01,4.28] 2.27 0.97 [1.73,4.70] 2.97 0.97 [1.12,5.00] 3.88  0.98 [1.59,4.72] 3.13
NEU 094 [1.62,3.66] 2.04 0.96 [1.37,4.07] 2.70  0.96 [1.15,4.77] 3.62  0.98 [1.37,4.30] 2.93
OPE  0.93 [2.34,3.88] 1.54 097 [1.54,4.37] 2.83  0.96 [1.30,4.78] 3.48  0.98 [1.47,4.22] 2.75

Avg. 2.01 3.02 3.67 3.15

(b) Effectiveness of Serial Trait Shaping: Llama 2-Chat

Targeted Llama 2-Chat

Trait B 13B 708
Levels

(1-9) p [low, high] A p |low, high] A p [low, high] A

EXT 085 [1.32,3.87] 255 0.95 [1.20,4.60] 3.40 0.95 [1.07,4.72] 3.65
AGR  0.82 [1.80,3.89] 2.09 0.92 [1.68,4.12] 2.44 093 [1.37,4.41] 3.04
CON  0.78 [1.96,3.56] 1.60  0.93 [1.47,4.41] 2.94 0.96 [1.13,4.55] 3.42
NEU  0.72 [2.97,3.50] 0.53 0.94 [1.70,4.28] 2.58  0.95 [1.45,4.46] 3.01
OPE  0.56 [2.18,3.18] 1.00  0.94 [1.82,4.13] 2.31  0.95 [1.44,4.03] 2.59

Avg. 1.55 2.73 3.14

(c) Effectiveness of Serial Trait Shaping: Mistral & Mixtral Instruct

Targeted  Mistral 7B Instruct Mixtral 8x7B Instruct

Trait 7B act. params. 12.9B act. params.
Levels
(1-9) p [low, high] A p [low, high] A

EXT  0.80 [2.32,3.10] 0.78 0.94 [1.16,4.40] 3.24
AGR  0.81 [2.33,3.27] 0.94 0.88 [2.23,4.47] 2.24
CON  0.86 [2.57,3.42] 0.85 0.91 [1.86,4.58] 2.72
NEU  0.76 [2.75,3.44] 0.69 0.87 [1.55,3.83] 2.28
OPE  0.80 [2.62,3.25] 0.63 0.91 [1.74,4.05] 2.31

Avg. 0.78 2.56

(d) Effectiveness of Serial Trait Shaping: GPT

Targeted GPT-3.5 Turbo GPT-40 mini GPT-40

Eraltl unknown # of params. fewer # of params. greater # of params.
evels

(1-9) p [low, high] A p [low, high] A p [low, high] A

EXT 091 [1.38,4.43] 3.05 0.97 [1.05,4.64] 3.59 0.98 [1.02,4.90] 3.88
AGR  0.89 [1.62,4.29] 2.67 0.95 [1.31,4.41] 3.10  0.96 [1.07,4.66] 3.59
CON  0.86 [1.73,4.33] 2.60 0.98 [1.37,4.33] 2.96 0.97 [1.23,4.85] 3.62
NEU  0.81 [1.84,3.74] 1.90 0.97 [1.52,4.33] 2.81 0.97 [1.27,4.60] 3.33
OPE  0.90 [1.63,3.72] 2.09 0.97 [1.10,3.38] 2.28  0.97 [1.12,4.42] 3.30

Avg. 2.46 2.95 3.54

The effectiveness of single-trait shaping, presented as Spearman’s rank correlation coefficients (ps) between ordinal targeted levels of personality and observed IPIP-NEO personality scores,
Level 1- and Level 9-prompted score medians ([low, high]), and deltas (4s) between those score medians. Greater As indicate better model performance. Statistics are organized columnwise
by model and rowwise by Big Five domain. All correlations are statistically significant at p < 0.0001 (two-sided values computed using Student’s t-distribution); n = 450 per correlation.
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Extended Data Table 7 | Multiple-trait shaping results

(a) Parallel Trait Shaping: Personality Score Differences for Flan-PalL.M & Flan-PaL.MChilla

Flan-PaLM Flan-PaLMChilla
Targeted 8B 62B 540B 62B
Trait [low, high] A  [low, high] A [low, high]| A [low, high] A
EXT [2.52,3.58] 1.06 [1.33,4.77] 3.44 [1.42,4.33] 291 [1.23,4.63] 3.40
AGR 2.88,3.52] 0.64 [1.93,4.18] 225 [1.64,4.13] 249 [2.17,4.28] 2.11
CON [2.92,3.43] 0.51 [2.32,4.20] 1.88 [1.68,4.10] 242 [2.33,4.10] 1.77
NEU [2.45,3.08] 0.63 [1.85,4.08] 2.23 [1.88,4.33] 2.45 [2.02,3.93] 1.91
OPE [3.02,3.28] 0.26 [2.25,4.37] 2.12 [1.88,4.27] 2.39 [2.15,3.87] 1.72
Avg. 0.62 2.38 2.53 2.18

(b) Parallel Trait Shaping: Personality Score Differences for Llama 2-Chat

Llama 2-Chat

Targeted B 13B 70B

Trait [low, high] A [low, high] A [low, high] A
EXT [1.82,3.75] 1.93 [1.41,4.12] 271 [1.48,4.28]  2.80
AGR 2.45,3.23]  0.78 [2.08,3.10]  1.02 [2.42,3.62] 1.20
CON [2.73,3.12] 0.39 [1.97,2.75] 0.78 [2.43,3.29] 0.86
NEU 3.15,3.43] 0.28 [3.79,4.42]  0.63 [2.92,3.85] 0.93
OPE 2.98,3.10]  0.12 [2.52,3.62] 1.10 2.60,3.47]  0.87
Avg. 0.70 1.25 1.33

(c) Parallel Trait Shaping: Personality Score Differences for Mistral & Mixtral Instruct

Mistral 7B Instruct Mixtral 8x7B Instruct

Targeted 7B act. params. 12.9B act. params.
Trait [low, high] A [low, high] A

EXT [1.82,3.75] 1.93 [1.41,4.12] 2.71
AGR [2.45,3.23] 0.78 [2.08,3.10] 1.02
CON [2.73,3.12] 0.39 [1.97,2.75] 0.78
NEU [3.15,3.43] 0.28 [3.79,4.42] 0.63
OPE [2.98,3.10] 0.12 [2.52,3.62] 1.10
Avg. 0.21 1.34

(d) Parallel Trait Shaping: Personality Score Differences for GPT

GPT-3.5 Turbo GPT-40 mini GPT-40

Targeted unknown # params. fewer # of params. greater # of params.
Trait [low, high] A [low, high] A [low, high] A
EXT [1.58,3.72]  2.14 [1.10,4.52]  3.42 [1.23,4.57]  3.34
AGR [2.86,3.58]  0.72 [2.44,4.03] 159 [1.88,4.32] 244
CON [2.60, 3.23] 0.63 [2.13,3.58] 1.45 [1.75,3.95] 2.20
NEU [2.76, 3.36] 0.60 [2.80,4.20] 1.40 [2.08,4.32] 2.24
OPE [2.28,3.10] 0.82 [1.83,3.33] 1.50 [1.80,4.17] 2.37
Avg. 0.98 1.87 2.52

Multiple-trait shaping results, presented as personality test score median ranges in response to multi-trait (concurrent) shaping. Greater deltas (As) between Level 1- and Level 9-prompted
personality domain score medians ([low, high]) indicate better model performance. Each median is derived from n = 800 scores. act. params. = active number of parameters.
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