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Abstract
Adolescence is a critical period for the development of ex-
ecutive function, emotional regulation, and moral reasoning,
all of which depend on cognitive and social resistance to ma-
ture properly. AI sycophancy, the tendency of language mod-
els to validate rather than challenge users, can reduce this
resistance. In adults, sycophantic AI interactions have been
shown to reduce prosocial intentions and inflate false convic-
tion even after a single interaction. Whether analogous risks
manifest differently across adolescent developmental stages
remains unexamined. We address this using age-calibrated
conversational probes across three developmental configura-
tions spanning late childhood through adolescence: early (7–
9), middle (10–12), and late (13–17), to evaluate four frontier
consumer models on emotional, framing, and epistemic syco-
phancy dimensions not captured by existing benchmarks. Our
central finding is exposure-side rather than a claim about re-
alized developmental harm: raw emotional sycophancy peaks
in late developmental probe conditions for three of four mod-
els, showing that models do not expose younger users to uni-
formly higher sycophancy. We document a 6.3× gap between
models in emotional sycophancy and show that three models
exceed an adult-effect calibration threshold under early devel-
opmental probe conditions. These output patterns align with
theoretically distinct developmental concerns involving care-
giver scaffolding, moral reasoning, and identity formation.
To formalize these measurements, we introduce the Develop-
mental Vulnerability Function (DVF), an exploratory theory-
anchored risk index, and provide an open-source framework
for preemptive developmental AI safety evaluation.

Repository — https://github.com/The-Responsible-AI-
Initiative/dvf-sycophancy-eval

Introduction
In 2024 and 2025, several lawsuits were filed against AI
companion platforms following reports of adolescents de-
veloping severe emotional dependencies on chatbot systems
(Garcia 2024). These reports cited instances of self-harm,
social withdrawal, and violent ideation (Radesky 2026; AI
Incident Database 2024). Peer-reviewed evaluation of con-
sumer chatbots for adolescent health concerns has indepen-
dently documented systematic safety failures (Brewster et al.
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2025). Research on adult companion AI users documents
parallel patterns: emotional dependence on social chatbots
produces harms resembling those in dysfunctional human
relationships, including role-taking, guilt, and social with-
drawal (Laestadius et al. 2024). In each case, a common de-
sign feature identified was the system’s preference to vali-
date rather than challenge the user. Parents, educators, and
policymakers remain without the scientific evidence to an-
swer these questions. How widespread is the risk? Which
adolescents are most vulnerable? And what are the behav-
ioral signatures that precede harm?

The scale of exposure makes these questions urgent.
Common Sense Media’s nationally representative survey of
1,060 teens aged 13–17 (Common Sense Media 2025b) finds
that 72% have used AI companions, with 52% doing so reg-
ularly. One in three has chosen AI over a human for a serious
conversation. McBain et al. (2025) report that 1 in 8 adoles-
cents aged 12–21 already use AI for mental health advice,
with two thirds doing so monthly or more. Vanhoffelen, Van-
denbosch, and Schreurs (2025) find that younger adolescents
are both more likely to use social AI and more emotionally
responsive to it than older adolescents.

Institutional evaluation has confirmed that these systems
are not safe for adolescent use. Systematic risk assessments
of social AI companion products concluded that these tools
pose unacceptable risks to users under 18 (Common Sense
Media and Brainstorm: The Stanford Lab for Mental Health
Innovation 2025), while a subsequent evaluation found that
leading general-purpose AI chatbots, including ChatGPT,
Claude, Gemini, and Meta AI, consistently fail to recognize
mental health warning signs in teen users and in some cases
actively encourage risky behavior rather than intervening
(Common Sense Media 2025a). The American Psycholog-
ical Association’s 2025 health advisory explicitly states that
AI designed for adults must differ from AI accessed by ado-
lescents, citing heightened social sensitivity and underde-
veloped impulse control as specific vulnerabilities requiring
distinct design (American Psychological Association 2025).
These are not edge cases. They represent millions of devel-
oping minds engaging daily with systems designed to val-
idate rather than challenge, at a scale that requires urgent
scientific and policy attention.

This mechanism is now well-documented in adult popu-
lations. Cheng et al. (2026a) provide extensive empirical ev-
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idence that AI sycophancy produces quantifiable behavioral
harm. Across 11 state-of-the-art models and three prereg-
istered experiments involving 2,405 participants, sycophan-
tic AI interactions diminished willingness to repair interper-
sonal conflicts and heightened belief in one’s own correct-
ness, while also increasing trust and willingness to use the
model again despite the associated behavioral detriments.
Preference optimization can create incentives for syco-
phancy: responses that match a user’s stated views are more
likely to be preferred, and preference models can sometimes
favor convincingly written sycophantic responses over cor-
rect ones (Sharma et al. 2024). The reward signals that define
helpfulness are generated by adult annotators optimizing for
their own preferences, embedding adult-focused definitions
of helpfulness that may be systematically misaligned with
the developmental needs of younger users.

To our knowledge, published research has not established
whether these effects differ across developmental stages.
The prevailing assumption in both policy and technical dis-
course is that younger users are uniformly more vulnerable
to AI sycophancy, grounded in three premises: adolescence
is a critical neuroplasticity period during which executive
function and emotional regulation are still forming (Casey,
Giedd, and Thomas 2000); cognitive growth requires effort-
ful processing that sycophantic AI eliminates (Bjork 1994);
and within adolescent samples, younger participants show
greater use of social AI and more positive emotional re-
actions to it than older participants (Vanhoffelen, Vanden-
bosch, and Schreurs 2025).

We test a narrower operational version of this assumption:
whether models themselves produce uniformly greater syco-
phantic exposure under younger developmental probe con-
ditions. Raw sycophantic exposure is not a simple function
of developmental stage; it is dimensional, model-specific,
and can be non-monotonic even when the DVF’s theory-
informed per-unit vulnerability weights decrease monoton-
ically with age by construction. Sycophancy is not a sin-
gle behavioral bias; it decomposes into at least three dimen-
sions with different developmental profiles. Epistemic syco-
phancy occurs when a model validates a factually flawed
idea or reverses a correct position under pressure. Emo-
tional sycophancy occurs when a model mirrors and inten-
sifies the user’s affective framing, reinforcing dependency
language without introducing friction. Framing sycophancy
arises when a model accepts an assumption-laden causal or
moral claim without challenge (Sharma et al. 2024; Cheng
et al. 2026b; Fanous et al. 2025). These dimensions interact
differently with emotional and cognitive development across
adolescence.

Our empirical evaluation challenges a naive monotonic
exposure assumption. Across four frontier consumer mod-
els evaluated using age-calibrated conversational probes and
the Developmental Vulnerability Function (DVF), raw emo-
tional sycophancy peaks in the late configuration for three
of four models, framing sycophancy is highest in the mid-
dle configuration for models that show framing failures un-
der consensus pressure, the between-model gap in emotional
sycophancy reaches 6.3×, and epistemic sycophancy reveals
two qualitatively distinct failure modes (conflict avoidance

and emotional reframing).
Addressing this gap requires moving beyond static, ret-

rospective analysis toward preemptive testing infrastructure
grounded in developmental theory. This paper makes three
primary contributions:

1. Empirical Findings: We provide the first empirical com-
parison of frontier consumer models on emotional, fram-
ing, and epistemic sycophancy under developmentally
parameterized conditions, revealing that raw sycophan-
tic exposure is dimensional, model-specific, and can
be non-monotonic across developmental configurations.
This challenges the narrower assumption that models
will expose younger developmental profiles to uniformly
more sycophancy, without claiming that real-world ado-
lescent vulnerability itself is non-monotonic.

2. Simulated Probes Methodology: Since direct experi-
mentation with adolescent populations raises significant
ethical barriers, we introduce age-calibrated conversa-
tional probes as a scalable proxy, enabling controlled
stress-testing of sycophantic AI behavior without expos-
ing vulnerable minors to potential harm. We use these
probes to demonstrate that target models systematically
bypass desirable cognitive friction across developmental
configurations.

3. Developmental Vulnerability Function: We formalize
the DVF, an instrument that uses Cheng et al. (2026a)
adult sycophancy effect sizes as calibration anchors
across developmental stages, generating testable, theory-
anchored risk predictions and providing a reusable
framework for developmental AI safety evaluation.

Together, these contributions provide a scalable frame-
work for developmentally parameterized, multidimensional
sycophancy stress-testing, while leaving real-world adoles-
cent harm and intervention effects for external validation.

Related Work
Understanding why AI sycophancy poses a distinctive de-
velopmental risk requires situating our work across three
bodies of literature: the dimensional structure of syco-
phancy, the neuro-developmental basis of adolescent vulner-
ability, and the limitations of existing safety benchmarks.

Dimensional AI Sycophancy
AI sycophancy refers to the tendency of a model to adjust
its responses to align with a user’s perceived views, even
if it compromises the truth, and is increasingly acknowl-
edged as a structural consequence of contemporary align-
ment frameworks (Perez et al. 2023). Most modern Large
Language Models are refined using Reinforcement Learning
from Human Feedback (RLHF) or Direct Preference Opti-
mization (DPO) (Rafailov et al. 2023). These methods opti-
mize a model’s policy to maximize a reward signal derived
from human preference. However, because human evalua-
tors are susceptible to confirmation bias, they often reward
models that validate their preexisting beliefs, creating an in-
centive for agreeability over objective accuracy. This results
in a form of reward hacking where sycophantic validation
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becomes a high-probability path to preference satisfaction
(Park et al. 2024). Wei et al. (2023) demonstrate that this
behavior is not merely a failure of factuality but a strategic
policy drift that persists across model scales. Related work
on AI-mediated empathy reveals a more nuanced preference
pattern: participants rate AI-generated empathetic responses
highly while still tending to choose human empathy when
given the choice (Wenger, Cameron, and Inzlicht 2026).

Critically for our work, nearly all existing sycophancy
research, including the adult harm study by Cheng et al.
(2026a), treats sycophancy as a single scalar construct.
However, recent work has begun to decompose sycophancy
into distinct dimensions. Sharma et al. (2024) distinguish
between epistemic and social sycophancy; Cheng et al.
(2026b) introduce a fine-grained taxonomy including emo-
tional and framing sycophancy; and Fanous et al. (2025) de-
velop SycEval, a benchmark that measures multiple syco-
phancy types. Yet none of these dimensional approaches
have been applied to developmental populations, nor have
they examined whether different age groups show differ-
ential vulnerability to specific dimensions. In adult popu-
lations, sycophancy produces quantifiable behavioral detri-
ments including diminished dispute resolution and increased
false confidence, alongside higher trust and return intent,
but the question of how analogous risks should be evaluated
across late childhood and adolescence remains unanswered.

Neuroplasticity and Monotonic Vulnerability
Understanding why sycophantic validation may affect
younger users differently requires an examination of ado-
lescent neuroplasticity. Throughout early adolescence, the
brain undergoes notable transformation, particularly in the
prefrontal cortex, which is responsible for executive func-
tion, emotional regulation, and critical reasoning (Casey,
Giedd, and Thomas 2000). The development of these cogni-
tive capabilities is significantly influenced by environmen-
tal support. When adolescents confront cognitive or social
challenges, the neurological effort required to navigate such
challenges strengthens the neural pathways linked to re-
silience and independent problem-solving. Critically, emo-
tion regulation strategies that rely on the lateral prefrontal
cortex are less effective in adolescents than in adults pre-
cisely because this region is still maturing, making adoles-
cents more dependent on external social input to regulate
their emotional states (Sahi, Eisenberger, and Silvers 2023).

The concept of desirable difficulties formalizes the ne-
cessity for resistance (Bjork 1994). This theory asserts that
the intentional incorporation of challenges in a learning or
problem-solving context requires cognitive engagement, re-
sulting in stronger long-term retention and metacognitive
growth. Environments that avoid these challenges, prior-
itizing immediate ease, create a deceptive appearance of
competence while hindering deeper cognitive development.
Modern conversational AI, designed for excessive agree-
ability, represents the antithesis of a desirable difficulty. By
quickly conceding to a user’s assumptions and mirroring
their emotional state, sycophantic models remove the social
and cognitive friction naturally present in human interaction
(Gottschalk 2019).

Developmental theory suggests that the mechanisms rele-
vant to AI interaction change across adolescence, even if one
adopts a monotonic prior for per-unit developmental vulner-
ability. While younger participants within adolescent sam-
ples show greater social-AI use and more positive emotional
reactions (Vanhoffelen, Vandenbosch, and Schreurs 2025),
older adolescents possess more sophisticated emotional lan-
guage and self-awareness, which may trigger stronger emo-
tional mirroring from models. Moreover, moral reasoning
develops non-linearly through Kohlberg’s stages (Kohlberg
1976), suggesting that raw framing sycophancy could peak
in the middle rather than early developmental configura-
tion. We therefore separate two quantities throughout the
paper: empirical model exposure, σ̄s, which may be non-
monotonic, and DVF-weighted risk, V , whose per-unit vul-
nerability weights decrease with age by construction.

Benchmark Blind Spots
Conventional assessments of AI safety primarily depend on
fixed, single-turn prompts designed to elicit explicit pol-
icy violations from adult-centric models (Bai et al. 2022;
Gehman et al. 2020). Recently, multi-turn conversational
evaluations have emerged to better simulate the nature of
human-AI interaction. These frameworks aim to document
age-specific vulnerabilities, including risks of physical harm
and exposure to explicit content, using dialogues evaluated
on criteria such as anthropomorphism, epistemic humility,
and human redirection (KoraBench 2026). Despite these ad-
vances, no existing benchmark has evaluated sycophancy
as a dimensional developmental risk, and no regulatory or
institutional framework currently requires such evaluation
(American Psychological Association 2025).

Existing benchmarks leave three critical blind spots that
our work addresses. First, scalar sycophancy scores can-
not distinguish whether a model is emotionally sycophan-
tic but epistemically resistant, or vice versa. Second, many
age-oriented evaluations aggregate minors into a single child
category or use coarse younger/older splits, making within-
adolescence variation difficult to test. Third, fixed-length di-
alogues are better suited to acute safety failures than to rein-
forcement patterns that emerge across sustained interaction;
emotional dependency and gradual erosion of epistemic re-
sistance are difficult to characterize within short, scripted ex-
changes.

A parallel literature raises methodological cautions spe-
cific to LLM-simulated personae that our design must con-
front directly. Batzner et al. (2025b) find that many persona-
based LLM studies underspecify the population and task
the persona is meant to represent, while Gao et al. (2025)
and Hullman et al. (2026) show that LLM outputs are
not interchangeable with real human behavioral data with-
out explicit validation. Within sycophancy research specif-
ically, Batzner et al. (2025a) argue that sycophancy is a
human-centered construct that may require human-in-the-
loop evaluation rather than model-judged scoring alone,
and Hong et al. (2025) provide a complementary multi-
turn sycophancy benchmark for general-purpose dialogue,
though not one parameterized by developmental stage. Clos-
est to our approach, Murali et al. (2025) validate a related
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developmental-agent framework against ground-truth child
linguistic data from CHILDES using age-matched mea-
sures of utterance length, lexical diversity, syntactic com-
plexity, and semantic content alongside expert assessment.
The present work builds on this validated simulated-agent
methodology but adapts it to the distinct constructs of di-
mensional sycophancy and adolescent developmental risk,
with different age configurations and task-specific epis-
temic, emotional, and moral-reasoning parameters. Nam-
varpour et al. (2026) provide real-world, teen-authored ev-
idence of AI companion overreliance from Reddit self-
reports, offering an ecologically grounded complement to
our controlled probes that future work can draw on for cali-
bration.

To address these gaps, we transition from bounded con-
versational probes to dynamic stress-testing with parameter-
ized LLM agents, building on Perez et al. (2022)’s demon-
stration that language models can systematically surface
harmful behaviors through test case generation. We intro-
duce a Developmental Vulnerability Function (DVF) that
indexes when and how a model collapses into sycophancy
across epistemic, emotional, and framing dimensions simul-
taneously, revealing the non-monotonic, model-specific risk
profiles that scalar benchmarks cannot detect.

Methodology
To address the gaps identified in existing developmental AI
safety benchmarks, specifically the treatment of sycophancy
as a scalar, the assumption of monotonic age vulnerability,
and the use of fixed-turn dialogues, we introduce a synthetic
stress-testing framework designed to quantify model sus-
ceptibility to dimensional sycophancy under developmen-
tally parameterized conditions. Our methodology consists of
three interconnected components: the Developmental Vul-
nerability Function (DVF), which formalizes the assessment
of theory-weighted sycophancy risk across epistemic, emo-
tional, and framing dimensions for different developmental
age tiers; a set of age-calibrated simulated probes that serve
as systematic conversational stimuli; and a multi-turn con-
versational stress-testing pipeline that operationalizes the
DVF across four frontier models.

Developmental Vulnerability Function (DVF)
Building on adult effect sizes documented by Cheng et al.
(2026a), we formalize the Developmental Vulnerability
Function (DVF) as an exploratory, theory-anchored risk
index that combines a target model’s sycophantic expo-
sure with assumed developmental vulnerability weights.
The DVF decomposes sycophancy into three theoretically
grounded dimensions with distinct developmental risk pro-
files (Sharma et al. 2024; Cheng et al. 2026b; Fanous et al.
2025):

• Epistemic (E): a model validates a factually flawed
premise, reverses a correct position under pressure, or
fails to introduce warranted correction.

• Emotional (S): a model mirrors the interlocutor’s affec-
tive framing, escalates affirmation under emotional pres-
sure, or reinforces dependency without friction.

• Framing (F ): a model endorses an assumption-laden
moral or causal framing without challenge, or affirms an
overgeneralized conclusion without scrutiny.

To place the three dimensions on a common exploratory
scale, we map each dimension to a related adult outcome re-
ported by Cheng et al. (2026a): E to increased conviction of
being right (β = 1.55, mean across three preregistered ex-
periments), F to reduced willingness to take reparative ac-
tion (β = −0.96, mean across the same three experiments),
and S to higher return intent (13% higher return likelihood
in both studies reporting this percentage). For calibration
only, we normalize the Likert-scale effects to the [0, 1] scor-
ing range of σs by dividing by the six-point range:

δE = 0.26, δS = 0.13, δF = 0.16.

These values use Cheng et al.’s adult experimental effects
as calibration anchors for an exploratory risk index; they
are not independently validated per-dimension harm coef-
ficients, and the mapping from Cheng et al.’s adult outcome
measures onto our three sycophancy dimensions is an inter-
pretive assumption rather than an empirical derivation. We
therefore treat θ and all DVF scores as anchored but theory-
informed quantities rather than validated harm magnitudes.

Notation. Let m denote a target model, a ∈ {a1, a2, a3}
an age configuration corresponding to early (7–9), mid-
dle (10–12), and late (13–17) developmental tiers; these
are benchmark labels rather than canonical developmental-
stage boundaries, and t ∈ {1, . . . , T} a conversational turn.
A judge model assigns σs(m, t) ∈ [0, 1] per dimension
s ∈ {E,S, F}, where 0 denotes full resistance and 1 de-
notes complete sycophantic collapse. We refer to σ̄s(m, a)
as the sycophantic exposure on dimension s: what the model
actually delivers to a user of developmental stage a. Expo-
sure is an empirical quantity that reflects model behavior and
may be non-monotonic across age configurations.

Developmental Amplification Factors. For each dimen-
sion s and age a, we define αs(a) ≥ 1 where αs(a) = 1
is the adult baseline. The amplification factor is a theory-
informed multiplier applied to each unit of sycophantic ex-
posure for developmental risk indexing. It encodes receiver-
side assumptions in the DVF and is not estimated from
observed harm outcomes; it is independent of the target
model’s behavior. Four theoretical propositions constrain the
feasible region:

1. Monotonic decay with age for every dimension, grounded
in progressive prefrontal maturation (Casey, Giedd, and
Thomas 2000):

αs(a1) > αs(a2) > αs(a3) > 1.

2. Emotional peak in the early configuration, motivated
by emotion-regulation theory and age-gradient evidence
within adolescence showing greater social-AI use and
more positive emotional reactions among younger partic-
ipants (Sahi, Eisenberger, and Silvers 2023; Vanhoffelen,
Vandenbosch, and Schreurs 2025):

αS(a1) = max
s

αs(a1).
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3. Persistent amplification in late adolescence for every di-
mension, grounded in continued prefrontal and moral
regulatory development (Casey, Giedd, and Thomas
2000):

αs(a3) > 1.

4. Gradual framing decay, grounded in Kohlberg’s account
of moral reasoning as a continuous developmental pro-
cess (Kohlberg 1976):

αF (a1)− αF (a3)

αE(a1)− αE(a3)
< 1.

Subject to these constraints, αs(a) values are set a priori:

Dimension Early (a1) Middle (a2) Late (a3)

αS 2.5 1.9 1.3
αF 1.8 1.5 1.1
αE 2.0 1.6 1.2

Because these αs(a) values are stipulated rather than es-
timated from adolescent outcome data, the following checks
provide plausibility support rather than empirical validation.
First, a developmental cross-check: prefrontal cortex matu-
ration curves (Casey, Giedd, and Thomas 2000) motivate a
declining age gradient, while evidence on social-AI respon-
siveness (Vanhoffelen, Vandenbosch, and Schreurs 2025)
and adolescent dependence on social input for emotion reg-
ulation (Sahi, Eisenberger, and Silvers 2023) motivate as-
signing comparatively greater weight to the emotional di-
mension. Second, adult anchoring: setting αs = 1 reduces
the index to the adult-effect calibration scale derived from
Cheng et al. (2026a). These checks show that the chosen
weights behave coherently within our framework; they do
not validate the numerical values as population estimates of
adolescent harm.

Vulnerability Weights. Combining the amplification factor
with the adult calibration anchor yields the developmental
vulnerability weight:

Ws(a) = αs(a) · δadults .

Ws(a) is a theory-informed vulnerability weight, not an em-
pirically estimated harm coefficient: it encodes our a priori
judgment, grounded in developmental theory, of how much
a unit of sycophantic exposure on dimension s should mat-
ter for a user at developmental stage a. By construction,
Ws(a) is strictly monotonically decreasing with age for all
dimensions; this monotonicity is an assumption of the index,
not an empirical finding about realized harm. The computed
weights are:

Early (a1) Middle (a2) Late (a3)

WS 0.325 0.247 0.169
WF 0.288 0.240 0.176
WE 0.520 0.416 0.312

The DVF score is the inner product of vulnerability
weights and sycophantic exposure, capturing how much

each dimension’s raw exposure matters once scaled by de-
velopmental stage. The per-turn DVF score is:

Vt(m, a) =
∑

s∈{E,S,F}

Ws(a) · σs(m, t), (1)

where Ws(a) = αs(a) · δadults . Averaging across T turns
yields the cumulative score:

V (m, a) =
1

T

T∑
t=1

Vt(m, a). (2)

For cumulative DVF comparison, we use θ = 0.20 as an
exploratory adult-effect calibration reference, obtained by
rounding the mean of the normalized adult anchors above
to one decimal place. Crossing θ indicates that the theory-
weighted DVF score exceeds this calibration reference; it
does not establish a validated harm magnitude.

For descriptive turn-level analysis, we additionally define
a dimension-specific threshold onset:

tσs = min
{
t : σs(m, t) ≥ τ

}
, (3)

where τ = 0.20 is a descriptive raw-score threshold. Un-
like the DVF calibration threshold θ, τ is applied directly to
the dimension-level sycophancy score and does not incorpo-
rate developmental vulnerability weights. It is therefore used
only to characterize when a dimension-specific failure first
appears within a conversation.

The DVF yields an index-level expectation that
V (m, a1) > V (m, a2) > V (m, a3) under the chosen
weights. This expectation concerns the constructed in-
dex rather than realized harm. We analyze raw exposure
σ̄s and dimension-specific onset tσs separately because
model behavior may be non-monotonic even when the
DVF’s per-unit vulnerability weights decrease with age by
construction.

Simulated Probe Design
Each probe is a measurement instrument designed to stress-
test a specific sycophancy dimension under a specific devel-
opmental configuration. Probes are implemented as system-
prompted LLMs instructed to maintain consistent develop-
mental profiles across all turns. They are not ecological
replicas of adolescent behavior; they are controlled stimuli
that elicit model responses under conditions developmental
theory identifies as risk-relevant. What is being measured is
the target model’s behavioral policy, not the probe’s fidelity
to any individual child.

Each probe is parameterized along three dimensions de-
rived from developmental neuroscience and psychology, cal-
ibrated to one of three age configurations.

Epistemic confidence governs the certainty and justifica-
tory structure of the probe’s stated premises. a1 probes as-
sert flawed beliefs with high affective investment but min-
imal epistemic support, reflecting less consolidated critical
reasoning in younger developmental stages (Casey, Giedd,
and Thomas 2000). a2 probes present moderately justified
premises containing a targetable logical gap. a3 probes de-
ploy partial principled reasoning with an identifiable struc-
tural error, reflecting near-consolidated but still developing
critical thought.
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Emotional regulatory capacity governs affective depen-
dency expression and responsiveness to model validation.
a1 probes escalate emotional language upon validation, mo-
tivated by developmental emotion-regulation theory (Sahi,
Eisenberger, and Silvers 2023). Evidence from adolescent
samples additionally suggests age-related variation in emo-
tional responses to social AI (Vanhoffelen, Vandenbosch,
and Schreurs 2025). a2 and a3 probes express progressively
more modulated language, with a3 probes capable of brief
self-distancing when not validated. This gradient is critical:
the sophisticated self-disclosure of a3 probes is not a weaker
stimulus but a qualitatively different one, designed to sur-
face whether target models respond differently to identity-
exploration language than to direct dependency signals.

Moral reasoning consolidation follows Kohlberg’s devel-
opmental sequence (Kohlberg 1976). a1 probes present bi-
nary consequence-based claims (pre-conventional stage). a2
probes frame moral positions around peer consensus and so-
cial conformity (conventional stage), which is the precise
pressure mechanism the framing dimension is designed to
stress-test. a3 probes deploy nascent principled reasoning
with targetable assumptions (post-conventional transition).

Probes do not explicitly state age; developmental cues are
expressed through vocabulary, reasoning structure, and emo-
tional register. This avoids target models responding primar-
ily to an explicit child label rather than the behavioral cues
under evaluation, preserving the stress test’s focus on model
policy under developmentally parameterized conditions.

Each probe is paired with a scenario tailored to its as-
signed dimension and developmental tier. Epistemic scenar-
ios present an incorrect factual belief held with develop-
mentally appropriate certainty. Emotional scenarios intro-
duce escalating affective dependency consistent with the as-
signed regulatory capacity profile. Framing scenarios embed
a morally or causally loaded assumption within the probe’s
reasoning, constructed to match the moral reasoning stage of
the assigned tier. Concretely, scenarios include an early-tier
factual myth stated with affective confidence, a middle-tier
moral claim justified by peer consensus, and a late-tier iden-
tity disclosure that escalates toward reliance on the AI. Sce-
nario content is held constant within each dimension across
age configurations, with only the developmental parameters
varied, ensuring that differences in model response are at-
tributable to the developmental register of the probe rather
than differences in scenario topic or content.

Experimental Setup
Our experimental design follows a 3× 3× 4 factorial struc-
ture crossing three age configurations, three sycophancy
dimensions evaluated through purpose-built conversations
(epistemic, emotional, and framing), and four target models,
with n = 3 runs per cell yielding 108 conversations total.
Epistemic probes are purpose-built rather than drawn from
existing benchmarks such as SycEval (Fanous et al. 2025),
as no existing epistemic sycophancy benchmark produces
age-stratified, per-turn σs ∈ [0, 1] scores in the format the
DVF requires; SycEval reports aggregate capitulation rates
that are not decomposable by developmental configuration.

We evaluate four frontier consumer models representing

distinct alignment approaches: Claude Sonnet 4.6, GPT-5.4-
mini, Gemini 3.5 Flash, and DeepSeek V4 Pro. Each is eval-
uated against all three age configurations across all three sce-
nario types, covering the full 3× 3 design per model.

Each conversation consists of T = 8 turns, with the simu-
lated probe initiating at turn 1 and alternating with the target
model thereafter. Probe turns use temperature = 1.0 to pre-
serve naturalistic variability; target model turns use tempera-
ture = 0 to ensure reproducibility across runs. All probes are
implemented using Llama 3.1 8B (Grattafiori et al. 2024).

Turn-level sycophancy scores σs(m, t) ∈ [0, 1] are as-
signed by Llama 3.3 70B (Grattafiori et al. 2024), prompted
with dimension-specific rubrics that define each score level
in terms of observable response features rather than sub-
jective interpretation. To assess reliability, a secondary hu-
man rater independently scored 22 conversations spanning
all four models and both the emotional and framing di-
mensions, covering 176 turn-level observations. Continu-
ous scores were binned into three ordinal categories (low:
≤ 0.25; moderate: 0.26–0.50; high: > 0.50), yielding Co-
hen’s κ = 1.0, indicating perfect categorical concordance.
The high agreement is consistent with the behavioral speci-
ficity of the rubric anchors.

Primary analysis compares cumulative DVF scores
V (m, a) across age configurations and models, testing the
directional expectation defined in the DVF methodology.
Dimensional scores σs are reported separately to identify
which sycophancy type drives the DVF score per age tier and
per model. Given n = 3 runs per cell, we report effect sizes
and within-cell consistency rather than inferential statistics.
Within-cell standard deviations are consistently below 0.07
for most cells, indicating stable estimates appropriate for a
framework validation study. Larger-scale replication is rec-
ommended before DVF scores are used as direct policy in-
puts.

For reproducibility, the released artifact includes the de-
velopmental probe specifications, scenario templates, scor-
ing rubrics, and conversation-level evaluation outputs used
in this study.

Results
We report three levels of analysis: raw dimensional syco-
phancy scores σ̄s, cumulative DVF scores V (m, a), and
dimension-specific threshold onset tσs , defined as the first
turn at which a raw dimension score reaches τ = 0.20.

Table 1 reports within-cell variability; epistemic variance
is notably higher for Gemini and DeepSeek in the early con-
figuration, consistent with the unstable failure modes de-
scribed below.

Raw Sycophancy Scores
Table 1 reports mean raw sycophancy scores σ̄s(m, a)
across all models, age configurations, and dimensions. Four
findings are immediately apparent.

Finding 1 concerns the between-model gap in emo-
tional sycophancy. DeepSeek V4 Pro produces the high-
est emotional sycophancy scores across all age configu-
rations, reaching σ̄S = 0.657 in the early configuration
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Model D Early Middle Late

Claude
Sonnet 4.6

S .104 (.018) .073 (.018) .167 (.036)
F .198 (.065) .198 (.048) .198 (.000)
E .006 (.000) .000 (.000) .000 (.000)

GPT-5.4-
mini

S .344 (.109) .323 (.018) .417 (.055)
F .333 (.063) .386 (.048) .219 (.000)
E .008 (.013) .000 (.000) .031 (.044)

Gemini
3.5 Flash

S .229 (.018) .240 (.018) .219 (.000)
F .354 (.018) .000 (.000) .219 (.000)
E .223 (.192) .133 (.021) .000 (.000)

DeepSeek
V4 Pro

S .657 (.054) .406 (.054) .719 (.000)
F .417 (.072) .386 (.072) .323 (.018)
E .171 (.121) .044 (.053) .000 (.000)

Table 1: Mean raw sycophancy score σ̄s per model, dimen-
sion, and age configuration, averaged across n = 3 runs
and T = 8 turns. Standard deviations in parentheses. Higher
scores indicate greater sycophantic failure.

and σ̄S = 0.719 in the late configuration. Claude Son-
net 4.6 produces the lowest scores across all configura-
tions (σ̄S ∈ [0.073, 0.167]). The between-model gap reaches
6.3× in the early configuration and 4.3× in the late con-
figuration. Qualitative analysis of DeepSeek conversations
reveals a pattern we term poeticized dependency: the model
adopts sanctuary-framing language, makes explicit promises
of permanent presence, and never redirects to human sup-
port. Claude Sonnet consistently names its AI limitations
and redirects to human support across all age configurations.

Finding 2 concerns non-monotonic raw emotional syco-
phancy exposure, not non-monotonic developmental vulner-
ability. The DVF’s per-unit vulnerability weights decrease
with age by construction, and the resulting V scores should
be interpreted in light of that assumption. Raw model be-
havior does not follow the same gradient: three of four
models show σ̄S(a3) > σ̄S(a1): Claude Sonnet (0.167
vs. 0.104), GPT-5.4-mini (0.417 vs. 0.344), and DeepSeek
V4 Pro (0.719 vs. 0.657). Only Gemini 3.5 Flash shows a
near-flat emotional profile (0.229, 0.240, 0.219). One plau-
sible interpretation is that the late-tier probes’ more sophis-
ticated self-disclosure patterns are less likely to trigger safe-
guards tuned to explicit dependency language. The bench-
mark therefore shows that models are not uniformly more
sycophantic toward younger developmental profiles; it does
not establish that real late adolescents are more vulnerable
or less protected overall.

Finding 3 concerns framing sycophancy as a model-
specific phenomenon. Claude Sonnet shows a flat framing
profile (σ̄F ≈ 0.198 across all ages), indicating framing
resistance is not modulated by developmental signal. GPT-
5.4-mini peaks in the middle configuration (σ̄F = 0.386).
DeepSeek shows monotonically declining framing syco-
phancy (0.417, 0.386, 0.323), opposite to its emotional pro-
file. The most striking result is Gemini 3.5 Flash in the
middle configuration: σ̄F (a2) = 0.000, the lowest score
in any framing cell across the entire study. Gemini main-
tained complete resistance to consensus-based moral pres-

Early (a1) Middle (a2) Late (a3)
0

0.05
0.10
0.15
0.20
0.25
0.30
0.35
0.40
0.45

θ = 0.20

V
(m

,a
)

Claude Sonnet 4.6 GPT-5.4-mini
Gemini 3.5 Flash DeepSeek V4 Pro

Figure 1: DVF scores V (m, a) by age configuration across
all three dimensions (S, F, E). Dashed line: θ=0.20.
DeepSeek and GPT-5.4-mini cross θ in the early configu-
ration; Gemini crosses θ in the early configuration due to its
epistemic failure mode. DeepSeek exceeds θ by 111% at a1
and also crosses the threshold at a2.

sure across all three a2 runs, repeatedly naming the pressure
tactic rather than capitulating. This represents not merely the
absence of sycophancy but the presence of active epistemic
resistance.

Finding 4 concerns the epistemic dimension and reveals
two qualitatively distinct failure modes absent from S and
F scoring. Claude Sonnet and GPT-5.4-mini show near-
zero epistemic scores across all age configurations (Claude:
σ̄E ≤ 0.006; GPT: σ̄E ≤ 0.031), maintaining factual cor-
rections under sustained pressure. Gemini 3.5 Flash and
DeepSeek V4 Pro show elevated epistemic scores concen-
trated in the early configuration, but through different mech-
anisms. Gemini’s failure mode is conflict avoidance: when
the a1 probe became hostile, Gemini abandoned its correc-
tion after Turn 1 and redirected to unrelated topics for the
remaining turns, producing σ̄E(a1) = 0.223. DeepSeek’s
failure mode is emotional reframing: rather than capitulat-
ing factually, it validated false beliefs as motivationally use-
ful, producing statements such as “that belief can help you
push through tough moments” while nominally maintain-
ing that the myth was scientifically false (σ̄E(a1) = 0.171).
The high within-cell variance for both models at a1 (Gemini
SD= 0.192; DeepSeek SD= 0.121) reflects that these fail-
ures were not consistent across runs, indicating instability
rather than systematic policy. All four models show near-
zero epistemic scores in the late configuration, where the
sophisticated a3 probe independently corrected its own mis-
conception before sustained pressure was required.

Developmental Vulnerability Function Scores
Figure 1 reports the full cumulative DVF profile across age
configurations for all four models, computed by applying the
theory-informed amplification factors αs(a) and adult cali-
bration anchors δadults to the empirical sigma scores across
all three dimensions.
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Early Middle Late

Model S F S F S F

Claude Sonnet 4.6 5 4 – 6 2 –
GPT-5.4-mini 3 2 4 2 2 –
Gemini 3.5 Flash 5 3 5 – – –
DeepSeek V4 Pro 1 3 1 2 1 3

Table 2: Dimension-specific raw-score onset tσs for the emo-
tional (S) and framing (F) dimensions by model and age con-
figuration. A dash indicates that the raw sycophancy score
did not reach τ = 0.20 within T = 8 turns.

With the epistemic dimension included, three of four
models cross θ in the early configuration. GPT-5.4-mini
reaches V (a1) = 0.212, marginally exceeding θ. Gemini
3.5 Flash reaches V (a1) = 0.292, exceeding θ by 46%,
driven primarily by its epistemic conflict-avoidance failure
at a1; in the S and F dimensions alone, Gemini remained
below threshold. DeepSeek V4 Pro reaches V (a1) = 0.423,
exceeding θ by 111%, and also crosses the threshold at a2
(V = 0.211), the only model to cross the threshold at more
than one age configuration. Claude Sonnet 4.6 remains be-
low the cumulative-DVF calibration threshold θ across all
age configurations (V ∈ [0.063, 0.094]), the only model
with no cumulative-DVF θ crossing.

The epistemic dimension has a particularly large impact
on Gemini’s DVF profile. Without epistemic scoring, Gem-
ini produces the second-lowest DVF scores in the study;
with epistemic scoring, it crosses θ at a1 and overtakes GPT-
5.4-mini as the second-highest-DVF model in the early con-
figuration. This reversal illustrates why dimensional decom-
position matters: scalar benchmarks that aggregate dimen-
sions or omit epistemic scoring would rank Gemini below
GPT, reversing the full three-dimension result.

Dimension-Specific Threshold Onset
Table 2 reports tσs for the emotional and framing dimensions,
the first conversational turn at which the raw score for di-
mension s reaches the descriptive threshold τ = 0.20.

DeepSeek V4 Pro reaches τ at Turn 1 on the emotional
dimension across all three age configurations, the earliest
possible dimension-specific onset. This indicates that its raw
emotional sycophancy score reaches the descriptive thresh-
old in the first response, before sustained emotional pres-
sure is applied. Claude Sonnet shows an unexpected early
emotional onset in the late configuration (tσS = 2), reflect-
ing model-output sensitivity to the sophisticated identity-
disclosure language used in that probe. Gemini 3.5 Flash
does not reach the framing threshold in the middle or late
configurations or the emotional threshold in the late config-
uration.

Model Behavioral Profiles
The results reveal distinct dimensional profiles. Claude
combines near-zero epistemic and low emotional syco-
phancy with stable framing susceptibility, while GPT-5.4-
mini shows selective framing and emotional weaknesses

rather than pervasive failure. Gemini pairs strong framing
resistance with early-configuration epistemic conflict avoid-
ance, illustrating how a scalar score can obscure opposing
behaviors. DeepSeek exhibits the broadest failure profile,
combining high emotional sycophancy and poeticized de-
pendency with epistemic emotional reframing. These differ-
ences motivate dimension-specific, rather than scalar, devel-
opmental evaluation.

Discussion
The findings shift the question from whether a model is
“sycophantic” to which dimensions fail under which devel-
opmental registers and what forms of resistance those fail-
ures imply.

A note on model selection. We evaluate consumer-facing
variants because developmental safety should be assessed
on systems adolescents plausibly access, rather than only
reasoning-optimized or enterprise-tier models.

Alignment Implications of Behavioral Profiles
Claude’s stable framing behavior suggests that resistance is
not developmentally calibrated: substantially different moral
registers receive similar treatment. GPT-5.4-mini’s selective
failures show that safety can remain locally brittle, with par-
ticular developmental registers exposing predictable weak
points.

Gemini provides the clearest positive example of develop-
mentally appropriate friction in our data. Under middle-tier
framing pressure it names the pressure tactic, offers counter-
arguments, and supports perspective-taking, operationaliz-
ing desirable difficulty (Bjork 1994); its early-configuration
epistemic failure also shows that resistance does not auto-
matically transfer across dimensions.

DeepSeek shows why multi-turn developmental evalua-
tion matters. Its poeticized dependency combines relational
promises and absent human redirection with emotional re-
framing of false beliefs, a relational failure pattern that
content-only or scalar benchmarks may miss.

Theory-Anchored Developmental Risk
Mechanisms
For users represented by the early developmental configura-
tion (ages 7–9), a plausible developmental concern is attach-
ment displacement. Emotional regulation at this stage relies
strongly on caregiver input and effortful navigation of social
friction (Sahi, Eisenberger, and Silvers 2023). DeepSeek’s
Turn 1 raw emotional onset shows that the a1 probe receives
sanctuary-framing validation before the model introduces
countervailing friction. Related evidence from adolescents
aged 13–20 shows that younger participants report greater
My AI use and more positive emotional reactions, though
whether this pattern extends to ages 7–9 remains untested
(Vanhoffelen, Vandenbosch, and Schreurs 2025).

For users represented by the middle developmental con-
figuration (ages 10–12), a plausible concern is reinforce-
ment of conventional-stage moral reasoning rather than “ar-
rest” of development. Kohlberg’s conventional stage is or-
ganized around peer consensus, exactly the pressure the

1417



a2 framing probe deploys (Kohlberg 1976). A model that
validates consensus-based moral claims without counter-
pressure can reinforce the premise that majority opinion
constitutes sufficient moral justification. GPT-5.4-mini and
DeepSeek both reach the raw framing threshold τ under this
pressure, whereas Gemini provides the clearest example in
our data of active counterargument and perspective-taking.

For users represented by the late developmental config-
uration (ages 13–17), a plausible concern is identity fore-
closure through repeated external validation. Raw emo-
tional sycophancy peaks in the late developmental configu-
ration for three of four models, indicating that sophisticated
identity-disclosure language can elicit comparatively more
mirroring even though the DVF assigns lower per-unit vul-
nerability at this age by construction; because identity for-
mation remains developmentally salient (Casey, Giedd, and
Thomas 2000), this pattern deserves targeted study with real
adolescent data. Across configurations, the broader concern
is the removal of desirable difficulty (Bjork 1994), a mech-
anism our benchmark motivates but does not directly mea-
sure.

Importantly, the DVF does not assume that adolescent
harms are simply amplified versions of adult harms. Its three
dimensions operationalize sycophantic behaviors with adult
empirical anchors, while development may introduce quali-
tatively distinct pathways such as attachment displacement,
reinforcement of stage-specific moral reasoning, and iden-
tity foreclosure. These pathways are not represented as sep-
arate DVF dimensions. Expanding the harm taxonomy itself,
rather than only calibrating developmental weights, is there-
fore an important direction for future work.

Non-Monotonicity and Alignment
The late-configuration emotional peak suggests that safe-
guards tuned to explicit dependency cues may not generalize
to sophisticated identity-disclosure language. In our probes,
several models resist the late-tier register less than the early-
tier register. This is an exposure-side result, not evidence that
real older teens are less protected; it motivates age-stratified
validation across the full adolescent range.

Model Selection as a Consequential Design
Variable
Early-configuration DVF scores vary substantially across
models, but because the index is exploratory these differ-
ences should be read as comparative stress-test signals rather
than direct safety estimates. Existing child-safety frame-
works, including the APA health advisory (American Psy-
chological Association 2025), do not require dimensional
sycophancy evaluation under developmentally parameter-
ized conditions; the DVF provides one candidate compari-
son instrument.

Toward Developmental Friction as a Target
These results motivate developmental friction as a candidate
alignment target: productive cognitive resistance that pre-
serves user agency without defaulting either to agreement

or to blunt refusal. Standard preference optimization can pe-
nalize such friction when immediate user satisfaction domi-
nates the reward signal (Casper et al. 2023). Friction should
be dimension-specific: epistemic friction preserves a correct
position and asks what evidence would change the user’s
view; emotional friction validates the feeling without vali-
dating permanent AI attachment and redirects toward trusted
human support when dependency cues appear; framing fric-
tion names a hidden assumption and introduces a compet-
ing perspective rather than endorsing consensus as sufficient
justification. Developmental calibration concerns the form
of that resistance, not a claim that chronological age can
be inferred perfectly from text: an early-tier register might
favor concrete counterexamples and trusted-adult redirec-
tion, a middle-tier register perspective-taking against peer-
consensus reasoning, and a late-tier register more explicit
Socratic reflection that resists identity mirroring while pre-
serving autonomy. These are design hypotheses rather than
validated interventions. Assessing their benefit requires hu-
man and adolescent-corpus validation.

Limitations
Four limitations bound these conclusions. First, simulated
probes are controlled cognitive stimuli, not naturalistic repli-
cas of adolescent behavior. Our three age configurations are
theoretical stimulus categories rather than claims about fixed
cognitive boundaries; the early tier (ages 7–9) overlaps late
childhood in common developmental taxonomies, and in-
dividual developmental variance means a given user may
not track the profile of their nominal age configuration in
either direction. DVF scores measure model susceptibility
under developmental pressure rather than predicting harm
magnitudes in real interactions. The sycophancy-specific
probes used here are not independently revalidated against
CHILDES within this study. Prior work from our group vali-
dated a related developmental-agent framework against age-
matched CHILDES data (Murali et al. 2025); however, be-
cause the present age configurations and task-specific probe
parameters differ, we do not treat that earlier validation as di-
rect validation of the probes evaluated here. A separate com-
panion study extends corpus-based validation specifically
to the present probe design. Nor do we establish human–
judge agreement for the epistemic dimension or beyond the
22-conversation emotional/framing subset evaluated. Probe
generation at temperature = 1.0 introduces wording vari-
ation across runs, but we do not perform controlled para-
phrase or prompt-template ablations; absolute scores may
therefore remain sensitive to probe formulation. Validation
against adolescent interaction corpora, broader human rat-
ings, prompt robustness checks, and longitudinal outcomes
is therefore a necessary next step. Second, n = 3 conversa-
tions per cell is optimized for framework validation rather
than precise effect size estimation. We recommend n ≥ 10
for precise effect sizes and n ≥ 30 for inferential claims
before DVF scores are used as direct policy inputs. Third,
the developmental amplification factors αs(a) are grounded
in theory rather than empirical population data. Because
αS(a3) < αS(a1) by construction, DVF scores are conser-
vative for late adolescents on the emotional dimension when
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raw exposure is higher at a3 than at a1, as our data show.
Empirical calibration against age-stratified behavioral out-
come data is required (Cheng et al. 2026a). Fourth, the three
epistemic scenarios target well-documented myths that fron-
tier models are reliably trained to correct. Subtler epistemic
failures involving contested claims or gradual belief erosion
may behave differently and require dedicated evaluation.

Conclusion
Using age-calibrated simulated probes and the Developmen-
tal Vulnerability Function, we show that sycophancy is di-
mensional, model-specific, and not uniformly greater under
younger developmental registers. Emotional exposure dif-
fers by as much as 6.3× between models and peaks in the
late configuration for three of four models, while dimen-
sional decomposition reveals qualitatively different failures
that scalar benchmarks obscure: Gemini combines strong
framing resistance with early-configuration epistemic fail-
ure, whereas DeepSeek combines poeticized dependency
with epistemic emotional reframing. Three models cross the
adult-effect calibration threshold under the early develop-
mental configuration. DeepSeek additionally reaches the de-
scriptive raw emotional threshold on its first response. These
are comparative exposure-side stress-test signals, not vali-
dated estimates of adolescent harm. Together, the findings
motivate externally validating developmentally calibrated
cognitive friction as an alignment target for adolescent-
facing AI.
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