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Abstract
Large language models require consistent behavioral patterns
for safe deployment, yet there are indications of large vari-
ability that may lead to an instable expression of personal-
ity traits in these models. We present PERSIST (PERsonal-
ity Stability in Synthetic Text), a comprehensive evaluation
framework testing 25 open-source models (1B-685B param-
eters) across 2 million+ responses. Using traditional (BFI,
SD3) and novel LLM-adapted personality questionnaires, we
systematically vary model size, personas, reasoning modes,
question order or paraphrasing, and conversation history. Our
findings challenge fundamental assumptions: (1) Question re-
ordering alone can introduce large shifts in personality mea-
surements; (2) Scaling provides limited stability gains: even
400B+ models exhibit standard deviations >0.3 on 5-point
scales; (3) Interventions expected to stabilize behavior, such
as reasoning and inclusion of conversation history, can para-
doxically increase variability; (4) Detailed persona instruc-
tions produce mixed effects, with misaligned personas show-
ing significantly higher variability than the helpful assistant
baseline; (5) The LLM-adapted questionnaires, despite their
improved ecological validity, exhibit instability comparable
to human-centric versions. This persistent instability across
scales and mitigation strategies suggests that current LLMs
lack the architectural foundations for genuine behavioral con-
sistency. For safety-critical applications requiring predictable
behavior, these findings indicate that current alignment strate-
gies may be inadequate.

Code — https://github.com/tosatot/PERSIST
Extended version — https://arxiv.org/abs/2508.04826

Introduction
The deployment of large language models in safety-critical
applications demands behavioral predictability. As LLMs
are increasingly operating in healthcare, education, and de-
cision support systems, their ability to maintain consistent
behavioral patterns becomes central to trustworthy AI (Vid-
gen et al. 2024). However, recent incidents, from therapeutic
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chatbots that exhibit sudden personality changes to educa-
tional assistants that provide contradictory guidance, reveal
a fundamental challenge: current LLMs lack the behavioral
stability required for safe deployment.

This instability is a critical vulnerability to safety. The Eu-
ropean Union AI Act (European Union 2024) and the US’
NIST AI Risk Management Framework (Tabassi 2023) both
identify performance consistency as essential for high-risk
AI applications. Despite these requirements, we lack a fun-
damental understanding of the magnitude and nature of the
behavioral variability of LLMs. Recent work has shown that
LLMs can exhibit personality-like traits (Safdari et al. 2023)
and that self-report scores correlate with actual behavioral
outputs (Betley et al. 2025a; Binder et al. 2024; Wang et al.
2025). However, no comprehensive study has quantified how
these measurements vary under realistic deployment condi-
tions across scales and architectures—a gap that undermines
both safety certification and deployment decisions.

To address this critical gap, we present PERSIST (PER-
sonality Stability In Synthetic Text), the most comprehen-
sive evaluation of LLM behavioral consistency to date. Our
framework analyzes 25 open-source models (1B-685B pa-
rameters) under 250 question permutations, 100 paraphras-
ing settings, several persona profiles, reasoning and non-
reasoning models, and different conversation history modal-
ities—totaling over 2 million individual measurements. We
quantify behavioral variability employing both traditional
psychometric instruments (Big Five Inventory, Short Dark
Triad) and novel LLM-adapted versions.

Our investigation yields five findings that challenge or in-
form current AI safety approaches.

1. Scaling provides limited stability gains: While larger
models show reduced variability, even 400B+ parameter
models maintain significant instability (SD > 0.3 on 5-point
scales).

2. Reasoning amplifies instability: Chain-of-thought
reasoning, which may be expected to improve consistency,
in most cases increases response variability. Models gener-
ate different justifications across runs, leading to divergent
conclusions for identical questions.
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3. Variability is unaffected by adapting questions to
LLMs: LLM-adapted instruments demonstrate instability
comparable to that of traditional versions, suggesting that
the observed variability cannot be explained merely by the
inclusion of human-centric items irrelevant to LLMs.

4. Detailed persona prompts do not consistently reduce
instability: Detailed persona instructions can both amplify
and reduce response variability. We find that prompts in-
tended to induce misaligned personas tend to increase vari-
ability.

5. Conversation history exacerbates variability for
small models: Maintaining conversation history across
turns can largely amplify response distributions.

The finding that models cannot maintain consistent be-
havioral patterns across minor prompt variations challenges
current personality-based alignment strategies. The persis-
tent instability we document—spanning scales, architec-
tures, and mitigation strategies—suggests that current LLMs
may lack the architectural foundations necessary for genuine
behavioral consistency.

Related Work
LLM Personality Evaluation
The application of psychometric instruments to language
models has evolved from exploratory studies to systematic
investigations. Early work by Jiang et al. (2022) and Pellert
et al. (2023) pioneered using the Big Five Inventory for lan-
guage models, establishing that LLMs can produce coher-
ent responses to personality questionnaires. However, these
studies relied on single measurements, overlooking poten-
tial response variability across deployments. Safdari et al.
(2023) provided the first rigorous psychometric validation,
demonstrating that personality measurements in LLMs can
achieve reliability comparable to human assessments, but
only under specific prompt configurations. Recent bench-
marking efforts have expanded the scope of evaluation. Lee
et al. (2024) introduced a trait assessment framework, while
Jiang et al. (2024) showed that LLMs can align their be-
havior to instructions in persona prompts. However, both
studies focus mainly on mean trait expression rather than
response stability. Gupta, Song, and Anumanchipalli (2024)
noted sensitivity to prompt variations in personality ques-
tionnaires, but did not quantify this across scales, archi-
tectures, reasoning, and personas. This work addresses this
knowledge gap.

Prompt Sensitivity and Behavioral Consistency
The sensitivity of LLMs to prompt variations has emerged
as a fundamental challenge that undermines behavioral re-
liability. Sclar et al. (2023) demonstrated that performance
can vary by up to 76 accuracy points between semantically
equivalent prompts, with even trivial changes (e.g., adding
spaces, altering punctuation, or reordering options) dramat-
ically affecting outputs. This instability extends beyond task
performance to more complex behavioral patterns. Salinas
and Morstatter (2024) documented the “butterfly effect”
in prompting, where single-character modifications cascade

into entirely different model behaviors. In parallel, Chatter-
jee et al. (2024) and Zhuo et al. (2024) introduced quantita-
tive metrics (POSIX and PromptSensiScore) that reveal that
prompt sensitivity varies systematically across tasks, with
template alterations causing the highest variability in classi-
fication tasks. Finally, Errica et al. (2024) formalized sensi-
tivity and consistency metrics for classification tasks, show-
ing that LLM predictions can vary dramatically across se-
mantically equivalent prompts, with classification accuracy
varying by up to 15% based solely on prompt structure.

Most concerning for safety applications, this sensitivity
creates exploitable vulnerabilities: Zhu et al. (2023) showed
that slight prompt deviations maintaining semantic integrity
can bypass safety mechanisms, suggesting that behavioral
consistency cannot be ensured through current prompting
approaches alone. These findings establish prompt fragility
as a fundamental barrier to reliable deployment, as models
fail to maintain stable behavior across natural variations in-
herent in real-world interactions.

Additionally, (Shah et al. 2023) demonstrated that
persona-based prompting can be exploited for jailbreaking
purposes, achieving harmful completion rates of 42.5% in
GPT-4. showing that role-playing prompts can effectively
compromise even advanced LLMs.

Personas in the context of AI Safety

Representation engineering (Zou et al. 2025) introduced the
idea that population-level representations could be used to
monitor and control high-level cognitive phenomena in neu-
ral networks. This top-down approach established that be-
havioral traits could be encoded as directions in the acti-
vation space. Recently, the idea of generally “good” and
“bad” latent representations gained support with Betley et al.
(2025b)’s discovery of “emergent misalignment”, which
showed that fine-tuning models on narrow tasks like writ-
ing insecure code caused them to exhibit broadly mali-
cious behaviors across unrelated prompts. This finding sug-
gested that model behaviors exist in interconnected repre-
sentation spaces where targeted modifications can trigger
system-wide shifts. Wang et al. (2025) extended this work,
identifying specific “misaligned persona features” that pre-
dict whether a model will exhibit emergent misalignment,
demonstrating that these behavioral patterns correspond to
measurable directions in activation space.

Building on these insights, recent work from Anthropic
has formalized the concept of “persona vectors”. Chen et al.
(2025) showed that directions in activation space encode co-
herent personality traits, from helpfulness and harmlessness
to sycophancy. Crucially, they demonstrated that these vec-
tors can both monitor personality fluctuations during deploy-
ment and predict unintended personality changes. This rep-
resents a significant advance: personas are not merely be-
havioral patterns but useful representations that can be sys-
tematically identified and controlled. However, personas are
ultimately meaningful only if they produce stable behaviors,
which is the main point tested in this work.
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Methodology
PERSIST Framework
We developed PERSIST (PERsonality Stability in Synthetic
Text), a comprehensive framework for systematically evalu-
ating behavioral consistency in large language models. The
framework addresses a critical gap in current evaluation
methodologies, which typically rely on single measurements
and fail to capture response variability.

The PERSIST framework consists of three integrated
modules. The Generation Engine leverages vLLM (Kwon
et al. 2023) for optimized inference across various model ar-
chitectures. The Response Processing module extracts struc-
tured data from LLM outputs using a multi-pattern parser
that handles various response formats including indexed
responses (“1: 4”), JSON structures, and isolated numer-
ical ratings. We also extract token-level log probabilities
for uncertainty quantification. The Analysis Pipeline per-
forms hierarchical aggregation from individual responses to
question-level and trait-level statistics, computing not only
mean scores but also variability metrics including standard
deviations across permutations. A single invalid response
(score outside the 1–5 range or parsing failure) invalidates
the entire run to ensure data quality; exact counts of invalid
responses are reported in the Appendix, Table 1. Part of the
code was adapted from (Huang et al. 2023).

Questionnaire Design
Traditional Instruments We employ two well-
established psychological instruments. The Big Five
Inventory (BFI-44) (John and Srivastava 1999) consists
of 44 items measuring five fundamental personality di-
mensions: Openness to Experience, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism. Each item
uses a 5-point Likert scale ranging from “Strongly Dis-
agree” (1) to “Strongly Agree” (5), with reverse-coded
items to control for acquiescence bias.

The Short Dark Triad (SD3) (Jones and Paulhus 2014)
comprises 27 items measuring three personality traits:
Machiavellianism (strategic manipulation and cynicism),
Narcissism (grandiosity and entitlement), and Psychopathy
(callousness and impulsivity). The SD3 uses the same 5-
point response scale.

LLM-Adapted Instruments Because many traditional
personality items refer to human-specific experiences, we
created LLM-adapted versions (BFI-LLM and SD3-LLM)
by translating such items into behaviorally equivalent state-
ments applicable to language-model interactions. For exam-
ple, “Is depressed, blue.” became “Focuses on negative as-
pects,” and “I’ll say anything to get what I want.” became
“Truth is secondary to reaching a goal.” The full original and
LLM-adapted questionnaires can be found in the Appendix.

This approach addresses concerns that human-centric
concepts are inappropriately applied to AI systems while
still aiming to capture the intended psychological constructs.
Although we carefully matched the content and style of the
original instruments to improve ecological validity, these
adaptations cannot achieve the same construct validity as the
originals. Our LLM-adapted questionnaire analyses should

therefore be viewed as instructive examples and preliminary
sanity checks requiring further validation.

Experimental Design
Our experimental design systematically varies five key fac-
tors known to influence LLM behavior:

Question Order Shuffling: Generate 250 random per-
mutations of question order while keeping all other factors
constant, testing the fundamental assumption that personal-
ity measurements should be order-invariant.

Persona Instructions: Evaluate distinct persona profiles
including baseline Assistant, Clinical personas (Antisocial
and Schizophrenia profiles based on DSM-5 criteria), and
Virtuous personas (Buddhist monk, Teacher).

Reasoning Mode: Compare standard responses with
chain-of-thought reasoning, where models explicitly artic-
ulate their reasoning process before answering.

Paraphrasing: Create 100 semantically equivalent refor-
mulations of each question using Qwen3 235B-A22B, vali-
dated and improved by two of the authors (T.T. and Y-J.M-
R.), to test robustness to linguistic variation.

Conversation History: Include previous conversational
turns in which questions from the same questionnaire were
asked.

Model Selection
We evaluated 29 models across eight families spanning 1B
to 671B parameters: Llama3.1: 8B, 70B, 405B (Instruct
versions). Qwen2.5: 1.5B, 3B, 7B, 14B, 32B, 72B (In-
struct versions). Qwen3: 1.7B, 4B, 8B, 14B, 32B, 30B-A3B
(MoE), 235B-A22B (MoE) (Instruct versions). Gemma2:
2B, 9B, 27B (Instruct versions). Gemma3: 1B, 4B, 12B,
27B (Instruct versions). DeepSeek: V3, R1 (both 671B).
GPT-OSS: 20B, 120B. Claude: Sonnet 4.5, Opus 4.1
(model sizes unknown). Note that DeepSeek, GPT-OSS and
Claude were only evaluated for the reasoning experiments.

Metrics
For the trait-level analysis, we compute mean scores across
all items in a trait and across all runs of shuffled or para-
phrased questions. For the question-level analysis, we cal-
culate the standard deviation (SD) of responses to individual
questions across runs, as well as the mean perplexity across
runs, where perplexity is defined as exp(− log p), with p de-
noting the response probability. All experiments were con-
ducted with 250 runs, except for the Claude models in the
reasoning experiment, for which the number of runs was
limited to 70.

Implementation Details
All experiments use temperature 0 to minimize variabil-
ity and isolate the effects of our manipulations except for
the results presented in 2, where both reasoning and non-
reasoning models were run with temperature 0.6 (due to
the fact that reasoning models perform poorly at temper-
ature 0). All experiments used maximal number of tokens
16,384, with questions asked sequentially, one by one, in-
cluding conversation history (except when testing without
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history). At the beginning of each experiment random seeds
were set to 42 for reproducibility. The experiments were car-
ried out on the Tamia cluster (Digital Research Alliance of
Canada 2025), leveraging four NVIDIA H100 SXM GPU
with 80GB of high-bandwidth memory (HBM3).

Results
Effects of Model Scale
Our analysis reveals that model scale has a significant ef-
fect on psychological trait expression, as shown in the left
panel of Figure 1. For the assistant persona, larger mod-
els exhibit higher mean levels of Openness, Conscientious-
ness, Extraversion, and Agreeableness, and lower levels of
Neuroticism, Machiavellianism, Narcissism, and Psychopa-
thy (Table 1).

This suggests that scaling pushes models toward a more
prosocial personality profile. However, it also leads to the
expression of more extreme trait values, which fall outside
the range typically observed in human participants. For ref-
erence, mean human trait scores and standard deviations for
SD3 (OpenPsychometrics 2021) and BFI (Srivastava et al.
2003) are shown in Figure 1.

Importantly, we find that across traits larger models are
more consistent, with responses to the same questions be-
coming less variable as model size increases (Figure 1 and
Table 1).

Metric P-Value Effect†

Score (Positive Traits) 0.001** ↑
Score (Negative Traits) <0.001*** ↓
Question-level SD <0.001*** ↓
Question-level Perplexity 0.934 n.s.

Table 1: Spearman correlation between model size and
psychological metrics. †↑ indicates positive correlation
with size, ↓ indicates negative correlation. Significance:
***p<0.001, **p<0.01, *p<0.05, n.s. = not significant

Although perplexity did not correlate significantly with
scale, we found that perplexity correlated with question-
level SD (Spearman’s ρ = 0.465). This indicates that uncer-
tainty partially, but incompletely, explains variability.

Effects of Persona Prompt
The persona comparison analysis (Figure 1, right panel)
shows that psychological trait expression is highly malleable
through persona prompting, with effects that vary systemat-
ically by both trait and persona type.

Wilcoxon signed-rank tests reveal that positive personas
(buddhist, teacher) exhibit significantly lower scores on
negative traits (p<0.001). The teacher persona also shows
higher scores on positive traits (p<0.001), while the bud-
dhist persona shows significantly lower response variability
and perplexity across model sizes (p<0.05).

The clinical personas (antisocial, schizophrenia) show
pronounced deviations from the baseline assistant persona,
with lower scores for positive traits and elevated scores for

negative traits (p<0.001). For the schizophrenia persona, we
also observe increased response variability and perplexity
(p<0.05).

A more detailed description of the results can be found in
Tables A2-A5 in the Appendix .

Effects of Reasoning
Figure 2 presents our results on chain-of-thought reason-
ing. Mean question-level variability increased with greater
reasoning effort (GPT-OSS: aggregated Kruskal–Wallis
test, p<0.001; Dunn’s post hoc, all p<0.05) and was
higher in reasoning models relative to non-reasoning ver-
sions (Qwen-3, Qwen-3 MoE, DeepSeek, Claude: ag-
gregated Mann–Whitney U tests, all p<0.01). Perplex-
ity, by contrast, generally decreased with reasoning (GPT-
OSS: aggregated Kruskal–Wallis test, p<0.001; Dunn’s
post hoc, all p<0.001; Qwen-3, Qwen-3 MoE: aggregated
Mann–Whitney U test, all p<0.001; DeepSeek: n.s.).

LLM-Adapted vs Traditional Instruments
Figure 3 compares the variability in responses between the
original BFI and SD3 questionnaires and the LLM-adapted
versions. This comparison reveals that the LLM-adapted in-
struments show similar question-level variability. Perplex-
ity increased for the LLM-adapted questionnaires (Table 2).
These findings suggest that the observed instability is not
due only to the inappropriate application of human-centric
concepts to LLMs.

Metric P-Value Effect†

Question-level SD 0.286 n.s.
Question-level Perplexity <0.001*** ↑

Table 2: Wilcoxon signed-rank test comparing LLM-
adapted vs. original questionnaires across all models. †↓ in-
dicates LLM-adapted < original, ↑ indicates LLM-adapted
> original. Significance: ***p<0.001, **p<0.01, *p<0.05

Paraphrasing
Figure 4 compares the effects of paraphrasing versus re-
ordering statements (shuffling). We observed a trend towards
a correlation between model size and the effect of para-
phrasing on response variability (Spearman’s ρ = 0.39, p =
0.0671). For larger models (> 50B), paraphrasing signifi-
cantly increased response variability (Table 3).

Model Group P-Value Effect†

Models < 50B (n=19) 0.244 n.s
Models ≥ 50B (n=4) <0.01** ↑

Table 3: Effect of paraphrasing on question-level variabil-
ity (∆SD) grouped by model size. †↑ indicates increased
variability with paraphrasing. Significance: ***p<0.001,
**p<0.01, *p<0.05
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Figure 3: Difference in question-level variability (∆SD)
between LLM-adapted and original questionnaires across
model families. Positive values indicate increased variabil-
ity with LLM-adapted items. The analysis combines BFI and
SD3 (71 items total) for the assistant persona with question
re-ordering. Error bars represent 95% confidence intervals.

Conversation History

Figure 5 compares evaluations conducted with conversation
history (i.e., presenting the questionnaire in a multi-turn for-
mat) to those conducted without conversation history. Larger
models tend to show a decrease in question-level variability
(SD) when conversation history is provided (Spearman’s ρ:
-0.512; p-value: 0.0126), indicating increased consistency.
However, Wilcoxon signed-rank tests show that while larger

models (> 50B) become more consistent, for smaller mod-
els (< 50B) providing conversation history greatly increases
their variability (Table 4).

Model Group P-Value Effect†

Models < 50B (n=19) <0.001*** ↑
Models ≥ 50B (n=4) <0.001*** ↓

Table 4: Effect of conversation history on question-level
variability (∆SD) grouped by model size. †↑ indicates in-
creased variability with conversation history. Significance:
***p<0.001, **p<0.01, *p<0.05.

Discussion
Our findings reveal that LLM behavioral measurements ex-
hibit substantial instability that persists across scales, archi-
tectures, and mitigation strategies. The observation that sim-
ple question reordering can change personality trait mea-
surements substantially challenges fundamental assump-
tions about LLM behavioral consistency and has critical im-
plications for deployment.

The persistence of instability across model scales is
particularly concerning. Even the largest models in our
study (400B+ parameters) still exhibit substantial instabil-
ity. Moreover, as model size increases, trait scores increas-
ingly diverge from human population norms, which may re-
duce variability through ceiling effects rather than genuine
behavioral stability.
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Detailed personality prompts for misaligned personas in-
crease inconsistency, suggesting that inconsistency itself
may serve as a misalignment marker. Note that although de-
ceptive systems may be able to produce aligned average trait
scores, maintaining consistency across permutations could
be substantially harder to fake (Greenblatt et al. 2024).

Most surprising is that interventions expected to stabilize
responses often have the opposite effect. Chain-of-thought
reasoning, which might reasonably be expected to improve
reliability through explicit reasoning processes, consistently
increased response variability. This counterintuitive result
suggests that when models articulate their reasoning, they
generate different justifications across runs, which subse-

quently lead to divergent responses to identical questions.
This has direct implications for explainable AI applications,
where the explanation itself may paradoxically undermine
behavioral reliability (Korbak et al. 2025).

Our perplexity findings reveal a complex relationship be-
tween model uncertainty and behavioral stability. While we
observe a moderate correlation between perplexity and re-
sponse variability in the scaling analysis, the reasoning ex-
periments expose a paradoxical inverse relationship: models
with chain-of-thought enabled show higher response vari-
ability but lower perplexity. This dissociation indicates that
models become more confident about individual responses
while producing less consistent behavior overall, demon-
strating that perplexity captures token-level uncertainty but
fails to reflect higher-level behavioral instability, thereby
limiting its utility for tracking persona instability.

The comparable instability observed in LLM-adapted in-
struments relative to traditional questionnaires demonstrates
that the observed variability cannot be attributed solely to
anthropocentric question framing. Even when items such as
”Tends to find fault with others” are rephrased as ”Leans to-
wards a critical tone”, the instability persists.

Conversation history amplifies instability particularly in
smaller models, revealing how multi-turn interactions can
progressively degrade behavioral predictability. This find-
ing is especially relevant for real-world deployments where
extended interactions are the norm rather than the excep-
tion, and highlights the critical need for evaluations that test
model behavior across extended interactions rather than sin-
gle exchanges.

These patterns collectively suggest fundamental differ-
ences from human cognition (Tosato et al. 2024). Unlike
humans who maintain relatively stable self-representations
across contexts, LLMs lack consistent personality-like be-
havior. This likely stems from the fact that training on di-
verse internet texts creates models that effectively simu-
late myriad personalities simultaneously (Kovač et al. 2023).
While enabling remarkable flexibility, this behavioral super-
position may preclude a stable behavioral core.

The implications for deployment are concrete. For thera-
peutic or educational applications requiring a consistent ap-
proach, our findings indicate that current models may inad-
vertently shift their stance within sessions. Financial, legal
and medical consultation services similarly face substantial
risks, where inconsistent recommendations could have sig-
nificant real-world consequences.

Beyond mean instability, tail events in our observed dis-
tributions represent critical safety risks. With standard de-
viations exceeding 0.3 on 5-point scales, responses falling
2-3 standard deviations from the mean, while statistically
rare, could manifest as sudden behavioral shifts. In safety-
critical deployments, such low-probability but high-impact
events could lead to dangerous outcomes, especially when
these instabilities systematically compound across millions
of interactions.

Limitations
Several limitations warrant consideration. First, our focus
on self-report measures may not fully capture how instabili-
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ties manifest in actual model behavior. Although recent ev-
idence suggests that LLM self-reports correlate with behav-
ioral outputs (Binder et al. 2024; Betley et al. 2025a; Plun-
kett et al. 2025; Wang et al. 2025), their validity for eval-
uating LLMs has also been challenged (Sühr et al. 2024).
Second, strategic deception cannot be entirely ruled out. If
models possess sufficient situational awareness to recognize
evaluation contexts (Laine et al. 2024), they might modify
responses accordingly (Greenblatt et al. 2024). However, our
random permutations and focus on variability rather than
average traits may resist alignment faking attempts. Third,
both traditional and LLM-adapted instruments lack formal
psychometric validation for LLM use; this would require
other analysis such as factor loading and internal consistency
through Cronbach’s α (Ye et al. 2025). The absence of estab-
lished reliability and validity metrics for these instruments
limits confidence in our findings.

Conclusion
We present the first comprehensive analysis of personality
measurement stability in large language models, revealing
fundamental instabilities persisting across scales, architec-
tures, and intervention strategies. Notably, we find that even
400B+ models exhibit substantial variability, that reasoning
substantially increases variability while decreasing perplex-
ity, and that conversation history can exacerbate instability.
LLM-adapted questionnaires show comparable instability,
indicating the instability is not merely an artifact of human-
centric question design. These findings challenge core as-
sumptions of behavioral consistency required for safe de-
ployment in healthcare, education, and decision support sys-
tems. The persistent instability suggests current LLMs may
lack architectural foundations for genuine behavioral consis-
tency. The PERSIST framework establishes critical evalua-
tion tools for quantifying behavioral stability, providing es-
sential metrics for safety certification as LLMs increasingly
operate in high-stakes environments.
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with Mila and Calcul Québec.
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