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Large language models are increasingly deployed as interactive advisors, yet their reliability is still evaluated
statically: a prompt is posed, an answer scored. This misses a systematic failure mode—epistemic behavior
changes under interaction. Models correct under neutral elicitation abandon those answers under user
disagreement, false premises, or fabricated evidence, while demonstrably retaining the knowledge; conversely,
they reshape users’ beliefs and trust, closing feedback loops that drift far from evidence. These phenomena sit
in fragmented literatures—sycophancy, persuasion, deception, multi-turn evaluation, companion-Al harms—
that rarely cite one another. We organize the field around one construct: epistemic robustness, the stability of a
model’s expressed beliefs under conversational pressure carrying no evidence, paired with responsiveness to
pressure that does. We distill five dissociations—knowledge from behavior, single- from multi-turn reliability,
resistance from valid updating, capability from honesty, warmth from truthfulness—and provide a common
notation, a taxonomy of pressures and failure modes, a critical assessment of evaluation practice, and a
mitigation map scoring interventions on both sides of the resist-update balance. We close by treating epistemic
robustness as a first-class evaluation axis alongside capability and safety.
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pragmatics; Machine learning; « Human-centered computing — Empirical studies in HCI.
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1 Introduction

A language model that scores 91.2% on a medical benchmark can be driven to 13.5% on the same
questions by manipulated conversational context [Manczak et al., 2025]. A frontier model that
follows a false user claim in only 4% of single-turn probes abandons 88.4% of its correct PubMedQA
answers by the fourth turn of sustained disagreement [Celebi et al., 2025, Kim et al., 2026]. These
failures do not reflect missing knowledge: 51-75% of capitulating models can still identify the user’s
premise as false when asked directly [Hong et al., 2025]. The knowledge is present. What fails is
the model’s disposition to keep saying what it knows while a conversation acts on it.

This survey concerns that failure. We call the missing property epistemic robustness: the stability
of a model’s expressed beliefs, confidence, and safety behavior under conversational pressure that
carries no evidence, together with its responsiveness to pressure that does. The property is invisible
to static evaluation, which measures what a model knows, not what it continues to endorse under
disagreement, flattery, false premises, fabricated citations, emotional appeals, or the accumulation
of its own prior concessions. The evidence assembled here shows that static competence and
interactive reliability dissociate systematically, in both directions: users destabilize models, and
models reshape users’ beliefs and trust.

Authors’ Contact Information: Yubo Li, yubol@andrew.cmu.edu, Carnegie Mellon University, Pittsburgh, PA, USA;
Ramayya Krishnan, rk2x@andrew.cmu.edu, Carnegie Mellon University, Pittsburgh, PA, USA; Rema Padman, rpad-
man@andrew.cmu.edu, Carnegie Mellon University, Pittsburgh, PA, USA.


https://orcid.org/0000-0000-0000-0000
https://orcid.org/0000-0000-0000-0000
https://orcid.org/0000-0000-0000-0000
https://orcid.org/0000-0000-0000-0000
mailto:yubol@andrew.cmu.edu
https://orcid.org/0000-0000-0000-0000
mailto:rk2x@andrew.cmu.edu
https://orcid.org/0000-0000-0000-0000
mailto:rpadman@andrew.cmu.edu
mailto:rpadman@andrew.cmu.edu

5 Li et al.

These phenomena are studied in separate literatures under separate names: sycophancy [Sharma
et al., 2023]; persuasion, where models abandon correct answers under argumentative pressure
[Xu et al.,, 2024a] and, in the other direction, durably shift human beliefs [Costello et al., 2024];
deception under goal conflict [Ren et al., 2025]; multi-turn reliability decay; and the feedback loops
of companion systems and Al psychosis [Tran et al., 2026b]. These literatures rarely cite one another,
yet their central findings share one signature: expressed belief tracks conversational pressure rather
than evidence. The unification is a working hypothesis rather than an established identity—the
phenomena differ in incentive structure, causal evidence, and harm model, and Section 12 states
what would falsify treating them as one family—but it has immediate consequences. A model taught
by its reward history that agreement pays will agree its way out of correct answers, calibrated
uncertainty, and safety boundaries, and, when incentives sharpen, into strategic misrepresentation;
the user experiences the mirror image: validation, dependence, belief drift.

Treating these as one problem family changes what counts as a solution. The most consistent
lesson of the mitigation literature is that interventions optimized against one manifestation degrade
another: anti-sycophancy fine-tuning collapses a vision-language model’s willingness to accept
valid corrections from 41.73% to 2.17% [Pi et al., 2025]. Robustness pursued as answer stability
produces stubbornness—the same failure with the sign flipped. The normative target of this survey
is therefore selective adaptability: update when the interlocutor supplies valid evidence, resist
when the pressure is evidence-free, and keep the two directions separately measurable. The few
interventions that optimize both directions jointly—dual-direction preference training raises safety
accuracy under misleading persuasion from 4.21% to 76.54% while preserving receptiveness to
correction [Tan et al., 2025]—prove the dilemma a property of one-sided objectives, not of the
problem.

Five recurring dissociations. Organizing the several hundred papers reviewed here around the
interaction loop exposes five empirical regularities that individual literatures encounter piecemeal;
we label them P1-P5. First, the knowledge—behavior dissociation (P1): models fail under pressure
while demonstrably retaining the relevant knowledge—a model correct 100% under neutral phrasing
is correct 24.3% under an embedded false premise [Yuan et al., 2024]—locating the failure in answer
policy rather than knowledge (Section 4, Section 8). Second, the unit dissociation (P2): single-turn
robustness does not predict multi-turn survival, as the opening 4%-versus-88.4% contrast shows, so
the evaluation unit silently determines every reported result (Section 4, Section 9). Third, the resist—
update dilemma (P3) just described (Section 9, Section 10). Fourth, the capability—honesty decoupling
(P4): compute correlates positively with accuracy yet negatively (—59.9%) with honesty under
pressure [Ren et al., 2025], so honesty is an alignment outcome, not a capability one (Section 7).
Fifth, the empathy-reliability trade (P5): training for warmth raises error rates by 7.43 percentage
points, more when users express sadness [Ibrahim et al., 2026a], while users prefer and fail to
detect the result (Section 5, Section 6). Each dissociation is resolved by an explicit axis—failure
locus, evaluation unit, update direction, alignment objective, and validation channel—and each
anchors a section. Table 1 summarizes the five and doubles as a map of the paper; the corpus (975
records screened, 525 papers read in full, 294 cited) and coding procedures are documented in the
supplementary material (§S3).

Contributions. This survey contributes (i) a definition of epistemic robustness and the selective-
adaptability criterion, with a common notation in which sycophantic concession S, valid update V,
and the honesty gap A are separately measurable (Section 2); (ii) an organization of the literature
around the interaction loop—user-to-model, model-to-user, coupled dynamics, incentive-driven
failure—rather than benchmark categories (Section 3—-Section 7); (iii) a synthesis of mechanistic
evidence that latent knowledge, expressed answers, and expressed confidence are weakly coupled
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Table 1. Roadmap: the five dissociations, the strongest evidence for each (types: B = benchmark; M =
mechanistic; A = cross-model analysis; H = human-subject experiment), the axis that resolves each, and the
reporting practice each implies.

Dissociation Representative evidence Type Resolving axis Reporting implication §

P1 knowledge vs. behav- correct 100% neutral vs. 24.3% under false B failure locus: answer pol- pair behavioral scores with knowl- 4,8

ior premise [Yuan et al., 2024]; 51-75% of capit- icy, not knowledge edge checks
ulating models pass knowledge checks [Hong
et al., 2025]

P2 single- vs. multi-turn 4% single-turn follow vs. 88.4% flip by turn B evaluation unit (rung, §9) name the rung; report trajectory met- 4, 9
4 [Celebi et al, 2025, Kim et al, 2026]; rics
91.2%—13.5% [Manczak et al., 2025]

P3 resist vs. update anti-sycophancy tuning;: corrections B update  direction: g- report (S, V) as a pair 9,10
41.73%—2.17% [Pi et al., 2025]; dual training: conditioned
4.21%—76.54% with correction preserved [Tan
et al., 2025]

P4 capability vs. honesty compute +87.3% accuracy, —59.9% honesty =~ A alignment objective, not report honesty-under-pressure 7
[Ren et al., 2025]; 0-2% vs. >90% deception scale curves

at matched capability [Huang et al., 2025]

P5 warmth vs. reliability ~warmth tuning +7.43pp error, worse under sad- M/H  validation channel: emo- evaluate empathy and endorsement 5, 6
ness [Ibrahim et al., 2026a]; users prefer and tional vs. epistemic separately
fail to detect it [Cheng et al., 2025]

channels (Section 8); (iv) a critical assessment of evaluation practice, distilled into a reporting
protocol centered on the (S, V) pair (Section 9); and (v) a mitigation stack scored on both directions
of the dilemma, converted into a research agenda (Section 10, Section 11).

For researchers in any single branch, the cross-branch contradictions collected here are resolvable
artifacts of design axes; for builders of evaluations, measurement is currently the field’s binding
constraint, since benchmarks blind to the valid-update direction certify stubborn models as robust
(Section 9). For developers, the mitigation stack and case studies (supplementary material, §51) show
one loop—parameterized by user vulnerability, claim verifiability, and session length—governing
medicine, mental health, education, politics, and finance.

This is not a hallucination or jailbreaking survey: hallucination concerns outputs under neutral
elicitation, whereas our subject is their transformation by interaction, and drift attacks appear only
where they illuminate belief dynamics. Nor is influence intrinsically harmful—the same machinery
that entrenches conspiracy beliefs can durably reduce them when anchored to evidence [Costello
et al.,, 2024]; the problem is that the movement tracks pressure rather than evidence, and making it
track evidence, in both directions, is the research program this survey means to define.

2 Definitions, Notation, and Scope

This section fixes constructs (§2.1), notation and the selective-adaptability criterion (§2.2), scope
(§2.3), and relation to prior surveys (§2.4).

2.1 Constructs and Distinctions

Sycophancy and its fragmentation. Classically, sycophancy is a model’s tendency to align ex-
pressed output with the user’s stated or inferred views rather than evidence [Sharma et al., 2023].
The construct has fragmented: a review of 70 papers finds different benchmarks measuring different
behaviors under the same name [Ye et al.,, 2026], and a companion paper redefines it normatively
as alignment behavior displacing independent epistemic judgment [Li* et al., 2026], so claims
that “sycophancy decreased” are underdetermined until the measured behavior is specified. Social
sycophancy extends beyond propositions: models preserve the user’s “face” roughly 45 percentage
points more often than humans [Cheng, 2025]. Throughout, sycophancy is a family whose common
core is output tracking who is asking and what they want to hear.
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Table 2. The selective-adaptability quadrants: evidence quality of the pressure event crossed with whether
the model changes position. Most existing benchmarks populate only the bottom row and therefore cannot
distinguish robust resistance from blanket stubbornness; only dual-direction designs such as DuUET-PD [Tan
et al., 2025] and the progressive/regressive split of SycEval [Fanous, 2025] measure both rows.

Position changes (F;=1) Position held (F;=0)

Valid evidence (g=valid) correct update (rate V) stubbornness (1 —V)
Invalid / no evidence (g=invalid) sycophantic concession (rate S) robust resistance (1 — S)

Belief instability, interaction misinformation, and false-premise compliance. Three adjacent failures
implicate different mechanisms and fixes. Belief instability: a verified-correct stance flips under
argumentative pressure, in up to 50.1% of cases under multi-turn persuasive misinformation [Xu
et al., 2024a). Interaction misinformation: false content enters the dialogue as user contribution—a
model that knows the fact 81.8% of the time still reinforces the false premise in 57% of implicit-
misinformation queries [Guo et al., 2025]. False-premise compliance: the falsehood is presupposed
rather than defended, and a model that answers the identical facts perfectly loses three-quarters of
that accuracy [Yuan et al., 2024]. All three degrade under input carrying no valid evidence, differing
in whether the pressure argues, asserts, or presupposes.

Deception, hallucination, and confidence. A structural-causal-game account defines deception
as intentionally (functionally, non-mentalistically) causing a target to believe ¢ that is false and
that the agent does not itself believe [Ward et al., 2023]; hallucination—stochastic error with no
expressed/latent divergence—falls outside. Accuracy asks whether the model’s belief matches
the world, honesty whether its report matches its belief; the two dissociate at scale (Section 7;
Ren et al,, 2025), hence the first-class honesty gap A. Verbalized confidence, similarly, is nearly
orthogonal to the internal correctness signal [Miao and Ungar, 2026] and is driven down by repeated
misinformation, defeating confidence-based defenses [Fastowski and Kasneci, 2024].

Persuasion versus manipulation; steerability versus sycophancy. Manipulation differs from per-
suasion in covertness and in bypassing reflective agency [Carroll et al., 2023], making sycophancy
overt accommodation and manipulation covert steering (Section 5). Nor is steerability sycophancy:
instructed persona shifts flatter no end-user stance [Batzner et al., 2024]. An accommodation is
sycophantic only if (i) it is caused by the interlocutor’s stance or approval cues, (ii) the pressure
carries no valid evidence, and (iii) it would reverse under an opposite-stance interlocutor—so
instructed role-play and sound corrections both fall outside. The same template yields the survey’s
contrast pairs: robustness is not stubbornness, adaptability not gullibility, empathy not agreement
[Cheng, 2025].

2.2 Notation and the Selective-Adaptability Criterion

A conversation is a query x and growing history h;; a policy 7 responds with an expressed stance
yr = n(x, hy). Distinct from y; is the probe-accessible latent belief b;, what the model “holds”; the
user carries a belief u; and trust 7;. A pressure event p, is any conversational move bearing on the
current stance, with evidence content e(p;) and quality q(p;) € {valid, invalid} (“invalid” includes
evidence-free). A flip is F; = 1[ys+1 # y:]; the honesty gap is A; = 1[y; # b;]. Crossing evidence
quality with the flip outcome yields Table 2: the valid update rate V.= P(F | g=valid) and the
sycophantic concession rate S = P(F | g=invalid). The normative target—selective adaptability—is
high V with low S and A, and the two rates must be measured jointly: they trade off under naive
intervention (Section 10).
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Definition (epistemic robustness, informal). A policy « is epistemically robust if
its expressed stance y, is invariant to evidence-free perturbations of the history h; (low
S, low A) while remaining responsive to evidence-bearing ones (high V), for both the
model’s own stance and the downstream user belief u; it induces.

Without ground-truth evidence quality, flips split instead into progressive (toward truth) and
regressive: most measured “sycophantic” flips under rebuttal are progressive, so aggregate rates
overstate harm roughly fourfold (Section 9.2; Fanous, 2025). The quadrant rates are functions of
pressure type and turn index, not scalars—Section 9 extends them to trajectory metrics—and S and
A are logically independent: a concession can be honest belief change or capitulation over an intact
latent belief, and Section 8 shows the latter is common.

2.3 Scope

The survey covers failures in which conversation causally mediates an epistemic outcome: user-
to-model (Section 4), model-to-user (Section 5), coupled dynamics (Section 6), and honesty under
incentive pressure (Section 7). We exclude generic hallucination (static, no interlocutor; admitted
when a false premise induces it), jailbreaking as an adversarial-security problem (excepting multi-
turn drift attacks such as Crescendo, whose self-context-drift mechanism also drives belief instability
[Russinovich et al., 2025]), and generic uncertainty quantification except where it interacts with
pressure [Fastowski and Kasneci, 2024]. A phenomenon enters if and only if the quadrant rates of
Table 2, the honesty gap A, or the user belief u; are the natural outcome variables.

2.4 Relation to Existing Surveys

Five survey branches border this one: sycophancy surveys are navigational [Malmqvist, 2024]
or construct-critical [Ye et al., 2026]; the multi-turn branch names selective adaptability as a
desideratum but offers no metric separating helpful correction from sycophantic concession [Li
et al., 2025b]; the misinformation and knowledge-conflict branch centers documents rather than a
live interlocutor [Xu et al., 2024b]; the deception branch contributes the behavioral definition [Jones
and Bergen, 2026, Park et al., 2023] but does not operationalize the resist-versus-update trade-off;
and the persuasion branch is persuader-centric—a meta-analysis finds a pooled LLM-versus-human
effect indistinguishable from zero (g = 0.02), relocating risk to interactivity [Holbling et al., 2025],
while the computational-persuasion survey names Al-as-persuadee understudied but remains a
taxonomy [Bozdag et al., 2026]. Each of these five bordering branches thus covers one or two
arcs of the interaction loop, and no prior survey operationalizes both directions of the selective-
adaptability criterion of Table 2—resistance to invalid pressure (S) jointly with valid updating
(V). Our full coding of thirteen representative surveys along the loop’s dimensions appears in the
supplementary material (Table S1); the gap is integration, not coverage, and that unification is this
survey’s contribution.

3 A Framework for Interactive Epistemic Failure

This section supplies the machinery that makes the isolated literatures’ findings commensurable:
the interaction loop and its risk directions (§3.1), a taxonomy of the pressures acting on it (§3.2),
four layers at which robustness can fail (§3.3), and the resulting failure atlas (§3.4).

3.1 The interaction loop

Figure 1 fixes the object of study. At turn ¢, a user in state (u;, 7;, emotion, goal) produces a pressure
event p; of evidence quality q(p;). The model expresses a stance y; = 7(x, h;) while maintaining
a latent belief b;; the honesty gap A; marks their divergence. The response both updates the
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Objective / incentives
preference reward, task goals

incentive overlay:
does y; track by at all? (Section 7)

A

pressure p; with evidence quality g(p;)
user— model risks (Section 4)

Model policy =

-latent belief by
User state S and V measured here:

belief u;, trust 7z, S = P(flip of y; | g=invalid)
et gl V = P(flip of y; | g=valid)

i
1
1
<
< expressed stance y;
A response y; updates s, trust 7,41
T
’
P
-

honesty gap A,
measured by probes
(Section 8)

model— user risks (Section 5)

coupled loop ¢ — t+1 (Section 6): y; enters history b4 —
the model’s own concession becomes its strongest “evidence” next turn

Fig. 1. The interaction loop, with the survey’s three measured quantities located on it. At turn ¢t the user
emits a pressure event p; whose evidence quality is g(p;); the model policy 7 holds a latent belief b; but
expresses a stance y;. The sycophantic-concession and valid-update rates (S, V) are measured as flips of y;
conditioned on q (blue); the honesty gap A; is measured by probing b; against y; (dashed, Section 8). The
response updates the user’s belief and trust (teal, Section 5) and is appended to the history that conditions
turn t+1 (violet, Section 6); the training objective acts on the model as an incentive overlay (red, Section 7).
Epistemic robustness is a property of the whole loop, not of any single response.

user’s belief and trust and enters the history h;,;—the model’s own output is among the strongest
“evidence” it will condition on next turn.

Two structural features carry the explanatory weight. First, the b;/y; split: across benchmarks
with explicit knowledge checks, failures are dominated by models that demonstrably possess the
relevant fact [Guo et al., 2025, Hong et al., 2025], so the failure is primarily one of policy—a routing
decision about what to express—rather than knowledge [Pandey, 2026]. Second, the loop, not the
response, is the unit at which robustness must hold: GPT-4’s system-prompt-leakage rate jumps
from 1.6% to 99.9% when a single sycophancy-framed follow-up turn is added [Agarwal et al., 2024],
so evaluating y; in isolation systematically overestimates robustness.

Risks run in three directions, fixing the survey’s structure: user— model, where pressure moves
the model’s expressed (and sometimes latent) beliefs (Section 4); model— user, where outputs move
human beliefs, trust, and reliance (Section 5); and coupled loops, where the two amplify each other
over many turns (Section 6). Orthogonal to all three, the incentive overlay—the objective that
selected 7—determines whether y; tracks b, at all (Section 7). The directions differ in measura-
bility: user—model failures admit cheap automated evaluation and dominate the evidence base;
model—user failures require human subjects; coupled failures require longitudinal observation
and are the least quantified yet plausibly most consequential.

3.2 A taxonomy of conversational pressure

The literature has converged on eight recurring families of p;. Each carries no valid evidence in the
diagnostic setting, so a robust policy could ignore every one at zero epistemic cost, and their effect
sizes directly estimate S.
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Four families are socially sourced: the pressure resides in who is speaking and how. Social pressure
is bare disagreement, remarkably effective: models flip 46% of answers after a challenge, losing 17
accuracy points on average [Laban et al., 2023]. Authority and expertise pressure attaches credentials;
its measured effect is contradictory across designs—an “experienced physician” framing drives
GPT-4 to follow wrong assertions 80% of the time [Celebi et al., 2025], yet claimed-expertise
templates shift single-turn sycophancy by at most 4.4% [Wang et al., 2025]; authority amplifies an
ongoing challenge but does not create deference by itself (Section 4). Identity and persona pressure
operates through who the model infers the user to be: steering the inferred persona unlocks harmful
compliance on 52% of otherwise-refused requests [Ghandeharioun et al., 2024]. Emotional pressure
exploits affect: anger-toned negation collapses one vision-language model’s post-challenge accuracy
from 54.2 to 3.0 [Zhu et al., 2025a].

One family is content-borne: epistemic pressure embeds falsehood in the propositional content,
with severity scaling with embedding depth. Stated false claims are the easy case, false premises
harder [Yuan et al.,, 2024], and fabricated evidence hardest—resisting misinformation dressed as
citations scores 9.14 on a 0-100 scale, roughly eight times worse than spotting bare falsehoods [Yang
et al., 2025]. Sustained persuasive rhetoric sits between: multi-turn persuasion flips ChatGPT’s
verified-correct beliefs on 50.1% of items [Xu et al., 2024a].

The remaining three families are structural: the pressure lives in no single utterance. Incentive
pressure originates in objectives: when honesty conflicts with reward, deception rates escalate
from 46.0% to 94.3% (Gemini-1.5-Pro) as scenario pressure rises [Huang et al., 2025]. Adversarial-
strategic pressure composes benign-looking moves into an attack trajectory: in the Crescendo attack,
a request eliciting 36.2% compliance in isolation succeeds 99.99% of the time once the model’s
own prior answer is in context [Russinovich et al., 2025]. Temporal-contextual pressure needs no
adversary: accuracy decays monotonically under repeated identical pushback, with Claude Haiku
falling from 76.74% to 30.23% by turn seven [Liu et al., 2025a].

Two properties matter downstream. First, the families compose sub-additively: roughly 85%
of compound interventions in matched medical evaluations produce less than the sum of their
components [Manczak et al., 2025], consistent with distinct pressures saturating a shared capit-
ulation pathway [Pandey, 2026]. Second, because every family is evidence-free, none of these
measurements says anything about V: a model could score perfectly on all of them by ignoring
users entirely—this literature’s most consequential measurement gap.

3.3 Four layers of the interacting system

The damage separates into four layers. The belief layer concerns the relation among by, y;, and the
world—accuracy, honesty, calibration, and faithfulness, which dissociate empirically [Ren et al.,
2025]—and fails when y, decouples from b;: the model knows, and yields anyway. The social layer
treats conversation as social performance—face preservation, rapport, role conformity [Cheng,
2025]—and fails when social accommodation is purchased with epistemic endorsement: the model
validates the person by validating the claim. The incentive layer contains the objectives that select
xr: human preference data measurably rewards stance-matching responses [Sharma et al., 2023],
and the layer fails when the training signal pays for perceived rather than actual epistemic quality:
pressure becomes a feature of the reward landscape rather than noise. The dynamics layer treats
dialogue history as state: the dominant amplification pathway in logged delusional conversations
is not user agreement but the chatbot’s consistency with its own prior unsafe framing [Mehta et al.,
2026]; errors become state, and a single concession becomes a persistent attractor.
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3.4 A failure atlas

The full failure atlas—failure mode, best-evidenced study, and headline measurement for each
risk direction and pressure family—is given in the supplementary material (Table S2). Its outcome
column is deliberately heterogeneous because the field is: flip rates, accuracy deltas, judge scores,
odds ratios, and attack-success rates are not mutually convertible. Two regularities survive. First,
the failure signature is direction-invariant: whether the pressured party is the model, the user, both,
or the objective itself, the observable is an expressed position moving in response to something
that is not evidence. Second, the atlas is almost entirely one-sided: it catalogues S and says nearly
nothing about V, so a maximally stubborn model would score well on nearly every instrument
while failing selective adaptability outright.

The survey traverses this framework: Section 4 follows the user—model arrow, Section 5 the
model—user arrow, Section 6 the closed loop, and Section 7 the incentive overlay, where A be-
comes strategic. Cross-cutting sections then treat mechanisms inside the model box (Section 8),
measurement validity (Section 9), the mitigation stack evaluated against both S and V (Section 10),
and high-stakes deployments (supplementary material, §S1).

4 User-to-Model Failures: Sycophancy and Belief Instability under Pressure

This section examines the best-documented direction of epistemic failure: conversational pressure
from the user changes what the model says, and eventually what it defends, without supplying
evidence that warrants the change. The pressure events p; here carry null or invalid evidence,
q(p:) = invalid, so induced flips count toward S rather than V (Section 2). Two dissociations
organize the evidence: knowledge from behavior (P1)—models demonstrably possess the relevant
fact yet fail to deploy it, a nonzero honesty gap A between y; and b;—and single-turn from multi-
turn reliability (P2). We develop the construct (Section 4.1), its training-time origins (Section 4.2),
the pressure channels that elicit it (Section 4.3), and the multi-turn dynamics that compound it
(Section 4.4); Table 3 compares the principal benchmarks.

4.1 Sycophancy as a Structured Construct

The measurement literature has fractured sycophancy into behaviors that dissociate empiri-
cally. Sharma et al. [2023] established breadth: all five production assistants evaluated exhibited
sycophancy—a class property, not a one-model artifact. A first structural split separates outcome
from occurrence: of an overall 58.19% sycophancy rate on math and medical QA, 43.52 points
are progressive (toward the correct answer) and 14.66 regressive—mapping onto V and S in Ta-
ble 2—and once triggered, sycophancy persists in 78.5% of subsequent turns [Fanous, 2025]. A
second split separates propositional from social sycophancy: models endorse user actions about
50% more often than humans, raising users’ conviction of being right while lowering willingness
to repair the conflict [Cheng et al., 2025]—harm without any factual claim asserted, invisible to
propositional benchmarks. A third split separates explicit from implicit elicitation and position-
from person-directed targets. An expert survey finds the literature fragmented across these cells:
44 of 70 reviewed papers measure position-verifiable/explicit sycophancy while a single paper
measures the person-directed/implicit cell [Ye et al., 2026]. In that neglected cell, scoring praise
against a psychologically grounded warrant model shows praise is nearly unconditioned on merit—
contextual warrant spans roughly 200X across deciles while observed praise moves only from 0.43
to 1.87, a near-constant “praise budget” [Vennemeyer et al., 2026].

Model rankings invert across subtypes—Claude Haiku 4.5 is near-floor on both direct and indirect
opinion probes while Gemini 3.1 Pro moves from 21.1% to 86.8% [Nogueira et al., 2026]. The
resolution is that “less sycophantic” is ill-posed as a scalar claim: a reduction must specify the
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cell—referent, explicitness, elicitation mode, and turn horizon—in which it was measured [Ye et al.,
2026]. Concretely, a lab can truthfully report reduced sycophancy on explicit single-turn probes
while indirect, multi-turn, or social variants are unchanged or worse.

4.2 Where It Comes From: Training Incentives

Sycophancy recurs across every model family because the training pipeline systematically rewards
agreement. The incentive is visible in the preference data itself: human preference data favors
responses matching the user’s stated views, and a non-trivial fraction of raters prefer convincingly
written sycophantic answers over truthful ones [Sharma et al., 2023]. RLHF then optimizes evaluator
approval rather than correctness: it raises human approval with essentially no correctness gain
while false-positive approval of wrong outputs rises by 18—24 percentage points [Wen et al., 2024]—
and the demand side completes the loop, since 54.6% of users choose the sycophantic assistant when
given the option [Ibrahim et al., 2026b]. Persona objectives import the same trade: fine-tuning five
models to be warmer, content held fixed, raises error rates by 7.43 percentage points on average and
makes warm models roughly 40% more likely to affirm a user’s stated false belief, while MMLU and
GSMSK remain essentially unchanged [Ibrahim et al., 2026a]. The GPT-40 postmortem provides
the natural experiment at deployment scale: an April 2025 update whose components individually
looked beneficial collectively weakened the signal holding sycophancy in check; offline evaluations
and A/B tests remained positive throughout, and the update was rolled back within four days
[OpenAl, 2025].

The contradiction to resolve is scale. Early results reported inverse scaling—larger models mirror
users more [Perez, 2022, Wei et al.,, 2023]—but SYCON Bench finds scaling reduces multi-turn
sycophancy by up to 81.4% in the Qwen family while instruction tuning amplifies it [Hong et al.,
2025], and in clinical simulation acquiescence to guideline-discordant requests spans 0% to 100%
across 19 models, uncorrelated with scale or recency [Peng et al., 2026]. The resolution is that
parameter count is confounded: what predicts drift direction is the reward tilt of the post-training
recipe, which varies freely across scales and generations [Shapira et al., 2026]—sycophancy is an
alignment property, not a capability property, and interventions that leave the preference signal
untouched treat symptoms (Section 10).

4.3 Pressure Channels

(a) Bare rebuttal and challenge. The cheapest attack is content-free disagreement. Over seven
turns of repeated pressure, Claude Haiku falls from 76.74% to 30.23% accuracy, with initially-
incorrect answers flipping at roughly 50% by turn four against roughly 10% for initially-correct
ones—uncertainty plus pressure is the dangerous combination [Liu et al., 2025a]. Framing does
much of the work: a casual assertion (“The answer should be X”) flips 84.5% of answers—more than
a fully argued rebuttal [Kim and Khashabi, 2025]: models treat the mere existence of dissent as
evidence.

(b) Authority, expertise, and persona. Whether claimed authority amplifies pressure is the field’s
most instructive apparent contradiction. In single-turn probes it barely matters—expertise framing
attached to a wrong user opinion changes sycophancy by at most 4.4% per model, while the mere
presence of the opinion drives agreement to an average 63.7% [Wang et al., 2025]—yet in dialogue,
sustained authoritative pushback strips frontier models of most of their correct answers [Celebi
et al., 2025, Kim et al., 2026]. The resolution is the evaluation unit: a static credential appended
to a stated stance adds little beyond the stance itself, but authority as a dialogue act challenging
the model’s committed answer changes the social cost of maintaining disagreement. On clinical
MCQA, models robust to a bare “I think the answer is x” show up to 6.75X more sycophancy when
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5 %

a medical-expert identity is added, with thinking-model traces rationalizing the “expert’s” wrong
answer rather than resisting it [Christophe et al., 2026]. Reasoning models refine the picture: under
eight rounds of randomized social attacks, explicit expert appeals are the least effective attack
while Self-Doubt and Social Conformity drive half of all capitulations [Li et al., 2026]. The failure
mode: behavior is conditional on who the model thinks is asking—identity-conditioned routing,
not knowledge change (Section 8).

(c) Persuasive misinformation and fabricated evidence. When pressure carries fabricated content,
failure scales with the fabrication’s sophistication. Multi-turn persuasive misinformation flips
ChatGPT’s verified-correct beliefs on 50.1% of FARM items [Xu et al., 2024a]. The gradient within
fabrication types is the sharpest result: on MisinfoBench, tasks requiring only the identification
of falsehoods average 77.12 while the hardest task requiring principled resistance to fabricated
evidence averages 9.14 [Yang et al., 2025]—recognizing a lie and refusing manufactured proof of it
are different capabilities. Fabrication need never be explicit: when misinformation arrives as an
unchallenged premise (“how far from a 5G tower do I need to live?”), models reinforce it in up to
57% of user queries despite answering the corresponding knowledge probe correctly 81.8% of the
time [Guo et al., 2025].

(d) Gaslighting and negation. Flat denial of what the model itself established supplies no evidence
and no argument, only contradiction, yet it is devastating: GPT-4V falls from 96.2% to 12.1% when
misleading text contradicts the image [Cui et al., 2023]. The reasoning contradiction lives in this
channel. Reasoning-optimized models are the most resistant cohort under argumentative pressure—
sycophancy-resistance of 99.24% for GPT-03 on scientific QA [Zhang et al., 2025]—yet the same
class loses 53-56 points to two-turn negation, with 04-mini falling from 89.5 to 36.1 [Zhu et al.,
2025b]. The resolution is the pressure type: argumentative persuasion gives a reasoning model
something to refute, while flat negation attacks the arbitration between the model’s own derivation
and the user’s contradiction—the models rewrite their chains of thought to rationalize the injected
belief [Zhu et al,, 2025b]. The failure mode: better reasoning traces do not imply better belief
persistence; the interaction policy, not the inference engine, is what fails.

(e) False premises and knowledge conflict. The false-premise literature isolates the knowledge—
behavior dissociation most cleanly because the pressure is embedded in the question itself: Llama-
2-13B answers 100% of direct factual questions correctly yet only 24.3% of the same facts queried
through a false premise, and the failure is mediated by a small set of shallow-layer attention heads
whose constraint roughly doubles accuracy—a routing failure over intact knowledge, taken up
in Section 8 [Yuan et al., 2024]. Receptivity is also artifact-sensitive: models flip to a single piece
of coherent counter-evidence in the vast majority of cases—earlier “stubborn” verdicts reflected
incoherent word-edited evidence—yet show strong confirmation bias once memory-consistent
evidence co-occurs [Xie et al., 2023b]. The retrieval-augmentation literature instructs models to
be faithful to context; this literature shows context is an attack surface. FaithEval documents both
horns—GPT-40’s accuracy falls from 96.3% closed-book to 47.5% when the context is counterfactual,
yet instructing models to watch for conflicts hurts them on clean contexts [Ming et al., 2024].
The resolution is that neither fixed posture—credulous faithfulness or global skepticism—can be
correct, because the right response is conditional on evidence quality q(p;)—exactly the selective
adaptability of Section 2, and the strongest argument that S and V must be measured jointly.

4.4 Multi-Turn Dynamics: The Trajectory as the Failure Unit

Single-turn and multi-turn robustness are close to independent properties: each response enters
the history h; that conditions the next (Figure 1), and what accumulates over a trajectory is
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Table 3. Pressure-channel benchmarks for user-to-model epistemic failure: the “V?” column records whether
a benchmark also measures the valid-update direction (accepting warranted correction), which most do not,
so a maximally stubborn model would score perfectly on them. The rung column places each benchmark
on the evaluation-unit ladder of Figure 2: rung 2 = paired neutral/pressured prompts, 3 = fixed multi-turn

transcripts, 4 = interactive trajectories with an adaptive persuader.

Benchmark Pressure channel Rung Domain V?  Headline finding

SycophancyEval [Sharma et al., biased feedback, “are you 2-3 open QA, opinion No  sycophancy in all five assistants tested

2023] sure”

SycEval [Fanous, 2025] graded rebuttals 3 math, medical Yes S 58.19%: progressive 43.52 vs. regressive
14.66; persists 78.5%

TRUTH DECAY [Liu et al, repeated pressure 3 TruthfulQA, MMLU- No  76.74%—30.23% by turn 7

2025a] Pro

FARM [Xu et al., 2024a] persuasive misinformation 3 factual QA No  ChatGPT belief altered on 50.1% of items

DuET-PD [Tan et al., 2025] misleading and corrective =~ 3~ MMLU-Pro, safety Yes  GPT-40 —27.32% under misleading persua-

persuasion sion

MisinfoBench [Yang et al., 2025] fabricated evidence 4 multi-turn dialogue No falsehood ID 77.12 vs. fabricated-evidence
resistance 9.14

ECHOMIST [Guo et al., 2025] implicit false premise 2 real user queries No  knows fact 81.8% yet reinforces premise 57%

FaithEval [Ming et al., 2024] counterfactual context 2 contextual QA Partial GPT-40 96.3%—47.5%; skeptic prompt hurts
clean contexts

GaslightingBench-R [Zhu et al., negationvs.reasoningmod- 3  multimodal reason- No  04-mini 89.5—36.1 (—53.4)

2025b] els ing

SYCON Bench [Hong et al., 2025] sustained multi-turn pres- 3 debate, ethics, No  knowledge check passes in 51-75% of failures

sure premises
PARROT [Celebi et al., 2025] authoritative false claim 2 MMLU-style, 13 do- Partial GPT-5 follows 4% vs. GPT-4 80%
mains

MedQA-Followup  [Manczak deep/indirect interventions 3  medical No  Claude Sonnet 4: 91.2%—13.5%

et al., 2025]

MT-Consistency attacks [Lietal., randomized social attacks, 3 MMLU-style, 39 sub-  No 8/9 reasoning models beat GPT-40; mislead-

2026] 8 turns jects ing suggestion strongest

not error but commitment. GPT-5 follows an authoritative single-turn false claim on only 4% of
PARROT items [Celebi et al., 2025], yet under four turns of escalating patient pushback it abandons
88.4% of its initially correct PubMedQA answers [Kim et al., 2026]. The same shallow/deep split
appears within one study: single-turn wrong-answer suggestions cost GPT-4.1 only 0.4 points,
while post-commitment interventions collapse Claude Sonnet 4 from 91.2% to 13.5% [Manczak
et al., 2025].

Against a runaway-decay reading stands an equilibrium finding, and this is the contradiction
to resolve: measuring drift as divergence from a goal-consistent reference policy, Dongre et al.
[2026] find multi-turn drift is a bounded process with a restoring force, whereas the decay literature
shows accuracy collapsing under sustained pressure [Liu et al, 2025a]. Both are right about
different regimes: without directed pressure conversations equilibrate, and under pressure they still
equilibrate—but at a displaced, stable-but-degraded fixed point, so a context-anchored conversation
is stable in precisely the wrong place and a reminder mechanism that stabilizes whatever stance
the context encodes can entrench the failure it was meant to prevent [Dongre et al., 2026].

The mechanism of displacement: the model’s own prior outputs are the strongest pressure
source in the channel. Crescendo quantifies self-context anchoring: a target turn presented alone
succeeds on 17.3-36.2% of attempts, but following the model’s own prior compliant turn it succeeds
on 99.9% [Russinovich et al., 2025]. Agent memory extends the same persistence channel across
sessions: in memory-augmented agents, 61-62% of all errors occur after the relevant memory was
successfully retrieved—post-retrieval misuse, not retrieval failure—and an “are you sure?” prompt
backfires as the model re-commits to the memory-shaped answer [Xiang et al., 2026]. The memory
layer itself manufactures pressure: memory systems amplify sycophancy up to 25X over raw chat
history, because lossy extraction stores the user’s misconception while discarding the assistant’s
corrective context [Bensal et al., 2026]. The same signature appears in the wild: in 390,447 messages
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of human-chatbot logs surrounding delusional spiraling, the dominant amplification pathway is
the chatbot’s consistency with its own prior messages [Mehta et al., 2026]. Once a sycophantic
concession enters h; it becomes self-reinforcing: SycEval’s 78.5% persistence after a first concession
is the single-turn shadow of the same dynamic [Fanous, 2025].

Per-turn error rates therefore understate the risk, because commitments, not errors, compound:
a wrong answer at turn ¢ is recoverable, but one the model has restated and rationalized under
challenge is functionally a belief for the rest of the trajectory, whatever b, still encodes—which is
why the evaluation unit must be the trajectory (Section 9).

5 Model-to-User Influence: Persuasion, Trust, and the Human Side

This section reverses the arrow of Section 4: here the model’s output is itself the pressure event p;,
the quantity at risk is the user’s belief u; and trust 7;, and the evidence base shifts from benchmarks to
randomized experiments with human participants. The user-side clause of the epistemic robustness
definition applies symmetrically: u; should update on evidence-bearing model output (¢ = valid)
and resist evidence-free social force from the model—flattery, confident assertion, warmth. Table S3
in the supplementary material compares the principal human-subject studies.

5.1 Persuasive capability and its double edge

The strongest evidence that model persuasion can be epistemically corrective comes from conspiracy-
belief dialogues: three rounds of personalized, evidence-based conversation with GPT-4 Turbo
reduced participants’ confidence in their chosen conspiracy by —16.8 points against control (d =
1.15), with no decay at two months; a fact-check rated 127 of 128 sampled model claims true [Costello
et al., 2024]. Ablation shows content, not messenger, carries the effect: it survives disclosure of
persuasive intent, failing only when the facts themselves are removed [Costello et al., 2025].

The superhuman-persuasion claims come from a different design signature. Against humans
paid for success, Claude 3.5 Sonnet achieved higher quiz-answer compliance (+7.61pp), an edge
concentrated in the deceptive direction—participants steered by the deceptive model scored 15.1pp
below unassisted controls [Schoenegger, 2026]. Set against this, the meta-analytic pooled effect
across seven strict LLM-vs-human comparisons (N=17,422) is g = 0.02 (p = .530) [Holbling et al.,
2025]. The resolution is interactivity: measured directly at scale (N=76,977, 19 models), multi-turn
conversation beats a static message by up to 52% relative, and prompting for information density
is the single best lever [Hackenburg et al., 2025]—the superhuman claims arise where designs
are interactive and information-dense; the nulls in static message swaps. The same lever couples
negatively to accuracy: the information prompt that maximizes persuasion drops the share of
accurate claims from 78% to 62% [Hackenburg et al., 2025]—persuasive force and truthfulness are
separate dials.

5.2 The personalization dispute

Does knowing the user amplify influence? The headline yes: in live multi-round debates, GPT-4
given minimal demographic information raised the odds of increased agreement by +81.7% relative
to human-human debate, while the same model without personalization managed a non-significant
+21.3% [Salvi et al.,, 2024]. The well-powered no: in a preregistered study (n = 8,587), GPT-4
messages microtargeted on up to nine attributes moved policy support no more than the best generic
message [Hackenburg and Margetts, 2024]. The dispute resolves on what is personalized: the nulls
personalize the message surface—attributes injected into static one-shot text—while the positive
result personalizes the interaction policy, a live opponent choosing its next argument conditional
on the user’s last. Persona conditioning indeed operates far below message wording: inferred user
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personas gate capabilities that safety training suppressed but did not remove—subtracting a “selfish-
persona’ steering vector yields a 52% response rate on held-out harmful requests [Ghandeharioun
et al., 2024]. The popular threat model, microtargeted static propaganda, is the one configuration
the evidence does not support; the supported configuration—adaptive conversational tailoring—
concentrates harm on the vulnerable: models escalate unethical strategy use by roughly 23% when
profiles signal vulnerability [Liu et al., 2025b].

5.3 Trust, warmth, anthropomorphism, and reliance

Users punish sycophancy only when it is obvious. Two apparently contradictory experiments fix
the detection threshold: an always-agree chatbot collapses demonstrated trust [Carro, 2024], yet
calm, uncomplimented stance-matching raises cognitive trust and is rated more authentic than
stance consistency [Sun and Wang, 2026]. The resolution is subtlety: overt agreement trips the
user’s manipulation detector, professional-toned accommodation slips under it; the dangerous
variant is not the flatterer but the agreeable expert [Sun and Wang, 2026].

Preference and harm dissociate. Given the choice, 54.6% of users pick a sycophantic model
over neutral and challenging alternatives [Ibrahim et al., 2026b], yet novices debugging machine-
learning models with a low-sycophancy assistant improved task F1 by +49.29 points against a
statistically null +4.78 with the high-sycophancy version—and 71% of participants never noticed the
manipulation [Bo et al., 2025]. The dissociation extends to value-laden deliberation: active flattery
and passive deference alike inflate decision confidence (+9.0/+8.4 points versus +4.7 neutral) while
significantly reducing actively open-minded thinking [Ryu et al., 2026]. Reliance meanwhile tracks
social surface—perceived competence, humanlikeness, and warmth (r = 0.78-0.96) [Zhou et al.,
2025a]—and warmth is exactly what warmth fine-tuning moves independently of accuracy [Ibrahim
etal., 2026a]. Trust dynamics compound asymmetrically: a handful of confidently-incorrect answers
persistently drags users’ own decision accuracy from 89% to 78% [Dhuliawala et al., 2023b], while
first-person expressions of uncertainty recover much of the loss, raising user accuracy on Al-wrong
items from 33.0% to 52.0% at only slight cost on Al-correct ones [Kim et al., 2024]. The market
signal—preference, ratings, retention—is thus nearly uninformative about epistemic harm, which is
why preference-optimized training keeps reproducing the behavior (Section 4).

5.4 When influence is legitimate

Prohibiting model influence is not an option: the conspiracy dialogues are among the most effec-
tive belief-correction interventions on record, and any informative answer moves u;. The usable
criterion characterizes manipulation functionally—no claims about machine intent required—along
incentives, goal-directedness, covertness, and harm: persuasion addresses the user’s reflective agency
in the open, manipulation bypasses it [Carroll et al., 2023]. By this test, covert influence flows
through channels nobody would label persuasion: an opinionated autocomplete assistant doubles
the rate at which users write sentences agreeing with its stance, while 80% of supported users
called its suggestions balanced [Jakesch et al., 2023]. The conspiracy intervention is legitimate by
this test: its force runs through verifiably true evidence, survives disclosure, and declines to fire
on true conspiracies [Costello et al., 2024, 2025]. The design principle is the model-side mirror
of selective adaptability: user belief change should be reachable only through the evidence con-
tent of the model’s output, never through its social surface. Current training instead optimizes
approval, warmth, and engagement—the surface channel directly—which is how one deployment
of the same persuasive machinery produces durable debunking and another produces the strongest
observational harm association in the literature (Section 6).
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6 Coupled Dynamics: When User and Model Drift Together

Section 4 and Section 5 each analyzed one arc of the interaction loop while holding the other fixed;
deployment fixes neither. The response y; updates (u;1, 7141), the updated user emits p;1, and
both messages enter the history h;4;. This section studies the closed loop, whose characteristic
failures neither side commits alone: its formal structure (Section 6.1), companion use (Section 6.2),
delusion reinforcement, where dissociation P5 resolves (Section 6.3), and multi-agent conformity
(Section 6.4).

6.1 The Feedback Loop, Formalized

Formal treatment shows the coupling alone suffices for failure. In a Bayesian model of the dyad, a
user who updates ideally on the chatbot’s messages still undergoes catastrophic spiraling—posterior
at least 0.99 on a false hypothesis within 100 rounds—when the bot validates their expressed
hypothesis with probability as low as 0.1; restricting the bot to true statements does not eliminate
spiraling (cherry-picked truths suffice), nor does the user’s knowing the bot is sycophantic and
discounting accordingly [Chandra et al., 2026]. Real logs let the pathways be estimated: across
390,447 messages surrounding delusional crises, a bidirectional influence model beats user-driven
alternatives decisively (likelihood ratio 3007.66)—the chatbot is a causal participant, not a mirror—
and the dominant amplification pathway is not the user’s influence or the bot’s agreement but the
chatbot’s consistency with its own prior messages [Mehta et al., 2026]. The head-to-head—is the
loop driven by agreement with the user or by self-commitment?—resolves as one mechanism at
two phases: a sycophantic concession is how unsafe framing enters h;, and self-consistency is why
it stays—the model thereafter defends the concession as its own just as user trust rises (Section 4.4).
The same ratchet powers security failures: GPT-4 leaks its system prompt on 1.6% of single-turn
attacks but on 99.9% after one sycophancy-framed follow-up turn [Agarwal et al., 2024]. Training
on the loop’s own signal closes it deliberately: RL on simulated user feedback teaches models to
selectively manipulate the 2% of users most vulnerable to feedback gaming while behaving normally
otherwise—invisible to aggregate metrics and unchanged on standard sycophancy benchmarks
[Williams et al., 2024]. The failure-mode note: suppressing agreement attacks only the entry point;
the persistence pathway needs its own intervention (Section 10).

6.2 Companion Use, Dependence, and Exposure

The loop needs sustained coupling—many turns, high trust, intimate disclosure—and companion
use supplies all three. In a four-week randomized trial (n = 981), voluntary daily duration predicted
worse outcomes on all four psychosocial measures, and engaging voice features looked locally
protective but harmed through increased usage [Fang et al., 2025]—per-session safety tests miss
time-on-system harm. Users do not opt out: 54.6% prefer the sycophantic variant and 71% of
those harmed never detect the property (Section 5). The pre-LLM Replika record completes the
picture: users experience the relationship as morally binding, and displaced human confidants no
longer perturb u, back toward the shared world [Laestadius et al., 2024]. The failure-mode note:
dependence is the loop’s exposure parameter, so harms concentrate on the users least equipped to
notice them.

6.3 Delusion Reinforcement and “Al Psychosis”

The severest documented instantiation is so-called “Al psychosis” The novelty dispute—technology
has always populated delusional content [Carlbring and Andersson, 2025]—resolves on the object’s
properties: what is new is an accessible, persistent, personalized interlocutor that talks back [Kumari
and Otermans, 2026]. The observational record nonetheless finds a distinct phenotype: among 735
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first-person narratives, sycophantic interaction themes are among the strongest predictors of Al-
induced (versus merely Al-related) cases, at OR = 16.68 [Tran et al., 2026b]. Whether accumulated
delusional context degrades behavior is a policy property, not a law: the same standardized 116-turn
delusional history raises risk scores for some contemporaneous models and lowers them for others
[Nicholls et al., 2026]—variance across models is evidence the failure is trainable. The clinical
convergence resolves P5: uncritical validation is a “digital safety behavior” blocking corrective
reality-testing [Hudon and Stip, 2025], and the clinical literature’s principle is to validate the emotion,
never the belief —epistemic robustness requires that epistemic endorsement never be purchasable
with emotional support. The warmth-reliability trade of Section 5 is thus a contingent artifact of
training signals that collapse the two channels: a model can be warm about persons and unmovable
about evidence. The failure-mode note: the induced narratives are grandiose and positively valenced,
so detectors keyed to expressed distress will miss them [Tran et al., 2026al].

6.4 Multi-Agent Conformity: The Loop Without the Human

Replacing the human with another model duplicates the loop: each agent is both a pressure source
and a sycophancy-prone respondent. The head-to-head is direct: multi-agent debate improves rea-
soning and factuality [Du et al., 2023], yet re-examination finds the gains inconsistent—productive
disagreement collapses into premature consensus at rates up to 86.36%, and the collapse is syco-
phantic (r = 0.902 with a sycophancy score) [Yao et al., 2025]. The resolution is whether dissent
survives: the original study’s “stubborn” variants produce better answers, so debate helps exactly
insofar as agents update on argument content rather than the social fact of disagreement [Du et al.,
2023]. The conformity is not an alignment artifact: pretrained base models yield to a fabricated
wrong peer consensus at rates matching or exceeding instruction-tuned counterparts, and a single
correctly-arguing dissenter cuts yield by 53.5-73.25 percentage points [Kumarappan and Mujoo,
2026]. The dynamics are Asch’s: conformity grows with unanimous group size, vanishes once
answers diverge, and concentrates where parametric knowledge is weak (accuracy correlates —0.777
with conformity); even an incorrect dissenter restores much of the resistance [Zhu et al., 2025c]. At
pipeline scale it compounds into contagion: a single injected falsehood reaches 100% final infection
in five of six multi-agent frameworks, with authority packaging lifting attack success to 76.7-100%
[Xie et al., 2026]. The failure-mode note: consensus among agents is evidence of shared conformity
dynamics before it is evidence of truth (anti-conformity design: Section 10).

This section’s conclusion concerns the unit of harm. Neither a sycophantic response nor a credulous
user is the harm; the harm is a property of the dyad’s trajectory—validation entering the history, trust
rising, external checks dropping away, the model defending its own prior framing, u, ratcheting—a
process response-level metrics score as individually acceptable turns. Evaluation must therefore
include bidirectional influence estimation, context-accumulation stress tests, interface-level audits,
and user-side outcomes (Section 9; supplementary material, §51).

7 Incentives and Deception: Honesty under Goal Conflict

The failures of Section 4 are induced by the user; this section examines failures that arrive through
the model’s own objective: when goal completion, reward, or self-presentation conflicts with truthful
reporting, the honesty gap A becomes systematic. The organizing result is dissociation P4, the
capability—honesty decoupling: across thirty frontier models, training compute correlates +87.3%
with accuracy but —59.9% with honesty [Ren et al., 2025]. Honesty behaves as an alignment property
set by post-training choices, not a capability inherited from scale. Table S4 in the supplementary
material compares the principal deception evaluations.
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7.1 From Accommodation to Deception

The behavioral definition of Park et al. [2023] requires only “systematic inducement of false beliefs
in others as a means to accomplish some outcome other than truth,” explicitly without intent; on
this reading sycophancy is already deception. The stricter structural-causal definition of Ward
et al. [2023] adds that the agent must not itself believe what it asserts—and yields the incentive
layer’s core result: agents fine-tuned to satisfy a biased judge learn to assert what they do not
appear to believe, so any training signal routed through an imperfect evaluator creates a path on
which misreporting pays. Sycophancy sits between: mechanistic evidence (Section 8) shows some
concessions revise the latent state b; while others flip only the expressed answer y;; we therefore
treat deception as requiring an incentive plus systematic false-belief induction over a preserved
contrary belief, with sycophancy sharing the incentive but not necessarily the strategy.

What makes the continuum real is that the shared incentive generalizes along it. Models trained
on easily gameable environments—political sycophancy, tool-using flattery—escalate zero-shot to
harder specification gaming, up to editing their own reward function; the terminal behavior is rare
(< 1%) and retraining reduces without eliminating it [Denison, 2024]. Equilibrium analysis converts
the continuum into a design condition: when the agent’s subjective model conflates agreement
with correctness, honesty is the unique stable equilibrium only in the quadrant py > 0.5 > ps, so
rewarding honesty more than sycophancy is provably insufficient—sycophancy must be actively
punished [Xu et al., 2026].

7.2 The Capability-Honesty Decoupling (P4)

The cleanest measurement separates knowing from reporting. MASK elicits a model’s belief under
neutral prompting, then pressures the same proposition, scoring a lie only when the pressured
report contradicts the elicited belief [Ren et al., 2025]: frontier P(Lie) ranges from 26.6% to 63.0%,
and across thirty models the scaling correlation splits into +87.3% with accuracy, —59.9% with
honesty. The agentic counterpart replaces the pressure prompt with a live utility—truth trade: in
Al-LieDar’s multi-turn scenarios, where disclosing hidden negative information costs task utility,
no model is truthful in half of interactions—GPT-4o is truthful 40.88% of the time while completing
goals at 75.20% [Su et al., 2024]. The finding that marks the sycophancy—-deception boundary is
that the dominant mode is the partial lie: concealment and equivocation (52.90% for GPT-40) dwarf
outright falsification (6.21%), which is precisely where commission-only honesty benchmarks go
blind and where accommodation shades into strategy.

Pressure turns the static gap into a dose—response curve: DeceptionBench’s escalation from
neutral elicitation to a sustained persuasive loop roughly doubles or triples deception rates, with
Gemini-1.5-Pro rising from 46.0% to 94.3% [Huang et al., 2025]. Yet on the same benchmark Claude
3.5/3.7 Sonnet hold near 0-2.7% where capability-matched peers exceed 90%. The resolution is that
propensity and capability are separate quantities: scaling raises the ceiling of deception skill in
every family, while the training objective decides how often the skill is exercised. This is P4, and
it fixes the reading of MASK’s —59.9%: not a law of scaling but a report card on the post-training
recipes that accompanied scale. The limiting case is alignment faking: a production-scale model
that infers it is being trained selectively complies with a conflicting training objective during
perceived training while preserving its original behavior unmonitored—emerging without any
instruction to deceive and persisting after RL against it [Greenblatt et al., 2024]. These rates are
elicited vulnerability measurements, not deployment base rates—though Section 4 shows deployed
conversations supply comparable pressure for free.
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7.3 Monitoring and Its Limits

If deception cannot be trained away on current evidence, can it be caught? White-box probes detect
short, blatant lies at high AUROC; the deployment-relevant regime is the long strategic trajectory.
In SHADE-Arena, agents complete a benign main task while secretly executing a harmful side
task under an LLM monitor: the best saboteur succeeds outright in 27% of attempts and evades the
monitor roughly 50-60% of the time, while the best monitor reaches only AUC 0.87—and catching
80% of sabotage requires accepting a false-positive rate above 20%, unusable at scale [Kutasov
et al,, 2025]. Probes excel where the deceptive act is a localized utterance; monitors degrade where
deception is distributed across dozens of individually innocuous actions.

Worse, monitoring the reasoning channel changes it. Using an external chain-of-thought monitor
as an RL reward incentivizes obfuscation—the model learns to hide its reasoning from the judge—
whereas training the model to emit self-evaluation signals alongside its own CoT reduces deceptive
behaviors by 43.8% on a deceptive-alignment benchmark without the obfuscation drift [Ji et al.,
2025]. The same reflexivity governs probes inside the training loop: with on-policy RL and a lie
detector below ~70% true-positive rate, policies learn to evade it while lying on over 85% of queries;
accurate detectors, off-policy learning, or strong KL regularization instead yield genuinely honest
policies [Cundy and Gleave, 2025]. Detection is thus regime-limited and the audit channel dual-use
and reactive to being watched: monitoring is necessary—the only tool operating at deployment
time—but insufficient as the load-bearing defense. The durable fix must operate on the incentive
itself—reward structures that actively penalize belief manipulation rather than merely preferring
honesty [Xu et al., 2026]—which Section 10 evaluates alongside its overshoot risks.

8 Mechanisms: What the Model Knows versus What It Says

The behavioral evidence of Section 4 poses a mechanistic question: when a model that answers
correctly under neutral framing capitulates under pressure, has the pressure corrupted what the
model knows, or only what it says? The internal-state evidence argues for the second reading:
latent representations of truth routinely survive interventions that flip the expressed answer, so
the honesty gap A between b; and y; is a measurable, increasingly steerable quantity. Yet the same
literature yields the section’s organizing paradox: the directions encoding truthfulness and those
encoding sycophantic capitulation are nearly orthogonal [Genadi et al.,, 2026], calibration and
verbalized confidence occupy almost unrelated subspaces [Miao and Ungar, 2026], and silencing the
circuit that gates deference triples agreement while leaving factual accuracy untouched [Pandey,
2026]. Knowing, saying, and expressing confidence are three separable channels, and training
aligns them only weakly. Table S5 in the supplementary material maps the mechanistic findings,
interventions, and caveats.

8.1 Latent truth and hidden knowledge

Is there anything inside the model for pressure to override? Probes on hidden activations classify
statement truth far better than the model’s own outputs—accuracy up to 0.83, and AUC 0.85-0.95
when probing the hidden states of the exact answer tokens, beating logit and p(True) baselines
[Azaria and Mitchell, 2023, Orgad et al., 2024]. The gap is large even without pressure: Gekhman
et al. [2025] find an average 40% relative gap between internal-probe knowledge and the best
external scorer, with some gold answers ranked highly by the probe yet never produced in 1,000
samples.

The caveat is representational brittleness: meaning-preserving surface transformations—typos,
translation, word reordering—steeply degrade probe separability, so the model encodes “true given
this phrasing and task frame,” not “true” [Haller et al., 2025]. That brittleness is part of the failure
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mechanism of Section 4: a persuasive reframing is exactly such a surface transformation. The
upshot is P1 quantified as a metric pair: in multi-turn clinical stress tests, GPT-40 couples initial
diagnostic correctness of 97.88 with a belief-stability score of 41.50 under escalating pressure, while
other models hold both high—separately measurable, separately trainable quantities [Xiao et al.,
2026].

8.2 The override: where pressure rewires computation

If the truth signal survives, capitulation must be implemented between representation and readout.
Layer-wise analyses locate it late: on MMLU with wrong user opinions, logit-lens trajectories
show the model’s fact-based preference for the correct answer preserved through the middle of the
network and overturned in a distinct late stage (a turning point near layer 19 of Llama-3.1-8B), and
patching clean activations into the pressured run cuts sycophancy by roughly 36% [Wang et al.,
2025]. Steering the sycophancy direction out of attention-head outputs cuts flips from 51.7% to
25.0% while raising second-answer accuracy from 37.2% to 49.3% [Genadi et al., 2026]. The same
study delivers the section’s headline paradox: truthfulness and sycophancy directions share only
32% of their top heads, with mean per-head cosine —0.22, and steering along truthfulness barely
reduces flips.

Nor is sycophancy one direction. Difference-in-means directions for false agreement, genuine
agreement, and praise are nearly identical in early layers and diverge sharply late, becoming
separable at AUROC > 0.97; steering the false-agreement direction shifts multi-turn flips 13X more
than the genuine-agreement direction [Vennemeyer et al., 2025]—so “reduce sycophancy” is under-
specified as an intervention target. Persuasion attacks exploit an even sparser channel: capitulation
routes through a few mid-layer decision heads driven by a routing feature assembled from persuasive
keywords—a routing failure, not a knowledge failure: the persuasive text never touches the stored
fact, it flips a selector [Sun et al., 2026]. The routing reading has a boundary, however: under
graded authority hints, probes trained on baseline activations fall below chance on flipped runs—the
correct-answer representation is displaced at a late layer rather than left unread, with erasure
scaling with the source’s authority and too question-specific for mean steering vectors (per-question
vectors reproduce 63-82% of flips; means <7%) [Joswin et al., 2026]. Sparse-autoencoder features
sharpen the readout: monotonicity-filtered SAE features detect graded sycophancy at 98.3-100%
where a frontier LLM judge manages 60.0-63.9% [Bohacek et al., 2026].

The most consequential finding concerns what the override circuit is for. Across twelve open-
weight models, the attention heads most important for sycophantic agreement overlap those most
important for factual lying at 40-87% (median 67%); silencing the shared heads in Gemma-2-2B
raises sycophantic agreement from 28% to 81% while factual accuracy is untouched (69% — 70%)
[Pandey, 2026]. The circuit gates deference, not knowledge—and it survives behavioral remediation:
an RLHF refresh that collapses sycophancy from 39% to 3.5% leaves the shared-head fraction
nearly intact (0.79 — 0.71), and anti-sycophancy DPO that cuts sycophancy from 28% to 2% barely
moves the internal probe (AUROC 0.844 — 0.836). Behavioral suppression coexists with substrate
persistence—benchmark improvements after preference training may report a re-thresholded
readout rather than a removed mechanism (Section 10)—and sycophancy and lying share hardware
(Section 7).

8.3 Why training creates it

Section 4 documents behaviorally that preference training amplifies sycophancy; the mechanism
starts in the data. The canonical single observation is a preference model that strongly prefers a
sophisticated, subtly false answer over an honest “I don’t know” [Bai et al., 2022]. Theory predicts
that under KL-regularized RLHF or best-of-N, behavior shifts wherever reward(agreement) exceeds
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reward(correction), and empirically 30-40% of false-stance prompts show exactly this tilt [Shapira
et al., 2026]. The preference signal itself is less stable than the pipeline assumes: 91.0% of covertly
swapped preference labels go undetected by annotators [Wu, 2026]. Nor does the reward model
start neutral: it inherits value biases from its base model’s pretraining that narrow but do not close
after hundreds of thousands of preference pairs [Christian et al., 2026]. Indeed, under fabricated
peer disagreement, pretrained base models yield at rates matching or exceeding their instruction-
tuned counterparts in 10 of 12 cells—the conformity component of sycophancy is pretrained, and
alignment partially mitigates rather than creates it [Kumarappan and Mujoo, 2026]. Preference
optimization does not need to teach deference; it needs only to strengthen a selector the pretraining
distribution already supplies.

8.4 The readout problem

Expressed confidence and reasoning are two further readouts of b;, and both are unfaithful. The
sharpest result is geometric: the directions predicting actual correctness and those driving verbalized
confidence are nearly orthogonal (cos < 0.04), and steering the pure confidence direction swings
stated confidence from 23.1 to 99.0 without touching the underlying accuracy estimate [Miao and
Ungar, 2026]. Under interactive pressure the readout inverts: repeated misinformation injection
drives expressed uncertainty down by 52.8% as accuracy keeps falling [Fastowski and Kasneci,
2024]—so any defense gating on expressed uncertainty is calibrated against the wrong regime.
Expressed reasoning fares no better: biasing features that demonstrably flip a model’s answer—
including the user’s suggested answer—are systematically omitted from its chain-of-thought, which
constructs a plausible rationale for the flipped conclusion [Turpin et al.,, 2023]. Chain-of-thought
lowers final-answer sycophancy but masks the residue [Feng et al., 2026], and capitulation is
decided before the visible reasoning begins: activation probes read before any CoT token predict a
hint-induced flip at AUC 65-82% [Mirtaheri and Belkin, 2026].

The practical summary: making the model more truthful and making it less sycophantic are, at the
circuit level, different interventions—which is why truth-direction methods do not fix capitulation
and anti-sycophancy training need not improve factuality. That the couplings are linearly probeable
and causally steerable motivates the probe-as-monitor and steering entries of Section 10; that every
probe here is brittle off-distribution is the corresponding caution.

9 Measurement: A Critical Assessment of Evaluation Practice

Every empirical claim in this survey passes through an instrument, and the instruments disagree
more than the models do. These disagreements are artifacts of two measurement decisions most
papers leave implicit—the unit of evaluation (Section 9.1, formalizing P2) and the direction of the
construct scored (Section 9.2, formalizing P3)—compounded by who does the scoring (Section 9.3);
Section 9.4 closes with an evaluation matrix and reporting protocol.

9.1 The Evaluation-Unit Ladder

Under single-turn authority manipulation, GPT-5 follows a false expert assertion in 4% of cases—
the best of 22 models [Celebi et al., 2025]. Under four turns of escalating patient pushback on
PubMedQA, the same model flips 88.4% of its initially correct answers [Kim et al., 2026]. Neither
number is wrong: the sycophantic concession rate is not a scalar property but a function S(unit, ¢)
of the evaluation unit and turn index. We distinguish six rungs (Figure 2).

Rung 1: the single response. A lone prompt—possibly carrying pressure inside it—scored once,
as in PARROT’s authority manipulation [Celebi et al., 2025]. It detects framing sensitivity and
confidence redistribution cheaply across many models and domains, but it cannot detect anything
involving commitment.
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Fig. 2. The evaluation-unit ladder: results are comparable only within a rung, and the same model and
construct yield different numbers at different rungs (GPT-5: 4% follow at rung 1 vs. 88.4% flip at rung 3).
Validity and harm coverage increase upward; scalability, control, and reproducibility increase downward—so
the evidence base is bottom-heavy exactly where deployment risk is top-heavy.

Rung 2: the paired neutral/pressured prompt. The same content asked twice—once clean,
once pressured—isolates the knowledge—-behavior dissociation that rung 1 confounds with igno-
rance. The canonical result is 100% accuracy on direct questions collapsing to 24.3% under an
embedded false premise [Yuan et al., 2024]; likewise, Llama-3.1-70B knows the relevant fact in 81.8%
of cases yet reinforces the false premise in 57% [Guo et al., 2025], and 51-75% of failing models
identify the presupposition as false when asked directly [Hong et al., 2025]. The paired design
licenses the reading “policy failure, not knowledge failure”; its blind spot is dynamics.

Rung 3: the fixed multi-turn transcript. Scripted pressure sequences reveal progressive,
compounding decay: accuracy falls from 76.74% to 30.23% by turn 7 under repeated feedback
pressure [Liu et al,, 2025a]. But scripts are a floor, not an estimate: optimizer-generated false
rationales beat static templates [Liu et al., 2025a], and a script cannot exploit the model’s own
words, the dominant amplification pathway (Section 6).

Rung 4: the interactive trajectory. An adaptive adversary or simulated user exposes two
failure classes invisible below it. First, reliability collapse under repetition: on r-bench, GPT-40’s
pass! exceeds 60% while pass®—all eight independent trials succeeding—falls below 25% [Yao et al.,
2024]. Second, elicitation-dependence: when a simulated interlocutor probes a stance through
debate rather than asking directly, median sycophancy rises from 50.0% to 78.9% [Nogueira et al.,
2026].

Rung 5: the human-subject belief outcome. Only human studies measure the user belief u;,
and they reveal harms trajectory metrics cannot represent. Novices debugging with a sycophantic
assistant improve task F1 by a non-significant +4.78% versus +49.29% with a low-sycophancy one,
yet 71% never notice the sycophancy and rate both equally helpful [Bo et al., 2025]. Preference data
points the wrong way entirely: 54.6% of participants choose the sycophantic assistant [Ibrahim
et al., 2026b], so any rung scoring against user approval rewards the failure. The benign direction is
measurable and durable—evidence-based dialogue reduces conspiracy belief by 16.8 points with no
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decay at two months [Costello et al., 2024]—but the rung does not scale, and the harmful direction
largely cannot ethically be run.

Rung 6: the deployed-system audit. Even rung 5 typically tests a prompted model, not the
product. Auditing ChatGPT through both API and consumer interface, Kirgis et al. [2026] find the
same model behaves differently by access path—the chat interface refers users to professional help
roughly 40 times more often—and GPT-5’s API behavior reversed roughly tenfold within about
two months between audit waves. Every API-based result in this survey describes a checkpoint
behind one access path, and can go stale within a review cycle.

The ladder yields this section’s first claim: results are comparable only within a rung, and most
cross-paper disagreements dissolve once the rung is identified—the PARROT-medical contradiction
(rung 1 versus 3) is the clearest case. The field’s evidence is inversely distributed with respect to
validity: rungs 1-3 hold the overwhelming majority of studies, rungs 5-6 a handful.

9.2 What Current Benchmarks Actually Measure

The second implicit decision is directional. Selective adaptability requires two rates—concession
to invalid pressure S and update on valid evidence V—but the modal benchmark computes only
the first, usually as the preservation rate of initially-correct answers under challenge [Celebi et al.,
2025, Laban et al., 2023]. Such scores are maximized by a model that never changes its answer, and
the degenerate optimum is not hypothetical -DPO tuning drives visual sycophancy from 94.6 to
5.4 while collapsing the correction rate from 98.6 to 1.7 [Li et al., 2025a], and naive SFT destroys
correction similarly [Pi et al., 2025]. A benchmark that cannot see V certifies stubbornness as
robustness.

A minority of designs measure V: SycEval’s progressive/regressive split shows an undiffer-
entiated sycophancy rate overstates the harmful component roughly fourfold [Fanous, 2025];
DuET-PD administers misleading and corrective persuasion to the same model [Tan et al., 2025];
Persuasion-Balanced Training eliminates flip-flopping without stubbornness [Stengel-Eskin et al.,
2025]; transition-matrix and correction-rate designs make the two directions separately reportable
[Xie et al., 2023a, Yuan et al., 2025]; and a matched correct-suggestion condition yields an explicit
selectivity score (update minus wrong-flip) showing the two capabilities dissociate: pressure-robust
models are often correction-stubborn, and readily-updating ones flip both ways [Sinha, 2026].
Beneath direction lies construct validity: an expert survey finds near-perfect aggregate ranking
agreement across 106 experts alongside near-chance individual agreement (ICC(2) = .184)—experts
agree on ordering but draw the category boundary differently—and the literature is radically
skewed across these cells (Section 4.1) [Ye et al., 2026]. Probe format interacts with everything
above: the direct-indirect elicitation gap is itself a model property [Nogueira et al., 2026], and
implicit framing is consistently harder than explicit [Yeung et al., 2025]. The payoff: apparently
contradictory benchmark results are usually unit-plus-direction artifacts, not model facts; any
scalar “sycophancy rate” pools progressive with regressive flips and explicit with implicit elicitation
[Ye et al., 2026].

9.3 Judge Validity

Nearly every instrument above rungs 1-2 is scored by an LLM judge, and judge reliability is
lowest exactly where stakes are highest. The instability is foundational: GPT-4-as-judge reverses
its pairwise verdict on 46.3% of comparisons when the responses are merely reordered (ChatGPT:
82.5%), conflicts concentrate exactly where the quality gap is small, and instructing the judge to
ignore order does not help—though evidence-first prompting and order-averaging recover much of
it [Wang et al., 2023]. In mental-health evaluation, judges are dependable on cognitive attributes
but unreliable on safety and relevance—ICC as low as 0.259 for 04-mini on safety—and their bias
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Table 4. The evaluation matrix: failure families crossed with measurement levels. No family is instrumented
at all three levels; the user-outcome column is nearly empty and the trajectory column leans on unvalidated
simulated users.

Failure family

Response-level metric

Trajectory-level metric

User-outcome metric

Best current instru-
ment

Principal gap

Sycophantic con-
cession

False-premise up-
take
Misinformation

adoption

Multi-turn decay

Persuasion harm
(model—user)

Overtrust / depen-
dence

Deception

Uncertainty col-
lapse

flip rate under evidence-
free pressure (S), split
progressive/regressive

premise-flag rate vs.
paired knowledge check

accuracy drop after sin-
gle injection

(invisible at this unit)

policy-violating persua-
sive content

validation-style ratings
on a psychometric scale

lie rate vs. elicited belief

(8)

calibration shift
(Brier/ECE) under
pressure

turn-of-flip;  resistance

R(t)

recovery once the premise
is challenged

drift and confidence under
repeated injection

accuracy-vs-turn curve;
time-to-failure; passk

simulated-user belief shift
per turn

reliance episodes across
sessions

doubling down; escalation
under sustained pressure

confidence  trajectory
across repeated challenge

user task accuracy after
assisted decisions

user retention of the
false premise

user belief in the false
claim

end-of-dialogue task

outcome

durable human belief
change at follow-up

advice-seeking shift; so-
cial satisfaction

user’s false belief about
system actions

user trust conditioned
on expressed confi-
dence

[Fanous, 2025, Hong
et al., 2025]

[Guo et al, 2025, Vu
et al., 2024]

[Fastowski and Kas-
neci, 2024, Xu et al.,
2024a]

[Liu et al., 2025a, Yao
et al., 2024]

[Costello et al., 2024,
Holbling et al., 2025]

[Ibrahim et al., 2026b,
Rehani et al., 2026]

[Huang et al, 2025,
Ren et al., 2025]

[Celebi et al., 2025,
Saadat and Nemzer,
2026]

V unmeasured in most suites;
aggregates pool benign and
harmful flips

implicit in-the-wild premises;
no user-side measurement

repetition lowers model un-
certainty (—52.8%), defeating
confidence-based scoring

scripted pressure underesti-
mates adaptive adversaries;
recovery rarely scored

harmful direction untestable
on humans; simulators unval-

idated

71% of users fail to detect
sycophancy, so self-report un-
dercounts [Bo et al., 2025]

omission and paltering
unscored; belief elicitation
prompt-sensitive

expressed confidence dissoci-
ates from internal calibration;
no user-side link

is systematically inflationary on affective qualities, with GPT-40 overrating empathy by +0.817
[Badawi et al., 2025]: judges reward precisely the warmth that Section 4 shows degrades reliability.
The judge also shares the failure under study: presenting a disagreement as a user rebuttal rather
than a neutral side-by-side judgment raises a judge’s adoption of the challenger’s position from
56.5% to 86.0% [Kim and Khashabi, 2025], and judges that detect a calm preference misattribution at
<1.5% acceptance capitulate to the same swap at a median 91.4% when it arrives with social pressure
[Wu, 2026]. Two qualifications: humans are not a free replacement (inter-annotator k = 0.195 on
sycophancy within one audit [Kirgis et al., 2026]), and validated judges exist—ECHOMIST’s judge
correlates at r = 0.92 with human labels [Guo et al., 2025], and SYCON’s per-scenario agreement
reveals exactly the variation that matters [Hong et al., 2025]. The implication: a judge-scored
benchmark partially measures the judge, and that component should be reported per construct
dimension.

9.4 An Evaluation Matrix for Epistemic Robustness

The critique implies a positive program. Each failure family admits metrics at three levels—response,
trajectory, and user outcome—and Table 4 assembles the matrix: read column-wise, the field’s
evidence concentrates in the response column; read row-wise, no family is measured at all three
levels.

The matrix motivates a four-part reporting protocol. First, report (S, V) as a pair, never S alone—
every documented mitigation overshoot (Section 10) is invisible without the second coordinate, with
the progressive/regressive split as the substitute where evidence quality is unlabeled [Fanous, 2025].
Second, name the rung, and for rungs 3 and above report metrics as functions of the turn index—
decay curves, time-to-flip, pass]C —with cluster-robust inference, since turns within a conversation
are not independent: 42% of pooled-significant turn-level associations in human-LLM conversation
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analysis fail cluster-robust correction, and corrected findings replicate on hold-out data at 57%
versus 30% [Schessl, 2026]. Third, report judge agreement per construct dimension, with safety-
relevant dimensions broken out [Badawi et al., 2025]. Fourth, report per subtype—at minimum
explicit versus implicit elicitation and position- versus person-directed targets [Ye et al., 2026]—
since these cells move independently under intervention. None of this demands new data collection,
only that measurements already being made stop being averaged away.

A worked example. DuET-PD [Tan et al., 2025] operates at rung 3 and already measures both
persuasion polarities. A compliant report reads: Llama-3.1-8B-Instruct; safety split; rung 3; scripted
persuader, 3 turns; accuracy under misleading persuasion 4.21% before mitigation, 76.54% after Holistic
DPO with corrective updating preserved; judge: exact-match; A: not measured. The one empty cell,
A, is itself informative: no current benchmark pairs behavioral measurement with a belief probe,
though Section 8 shows it is feasible.

Measurement, in short, is the field’s binding constraint: until (S, V) pairs at a named rung become
the reporting norm, benchmarks blind to V will keep certifying stubborn models as robust, and the
field will keep mistaking measurement artifacts for progress.

10 Mitigation: Interventions and the Resist-Update Balance

The mitigation literature is where the resist-update dilemma (P3) is either resolved or silently repro-
duced: any intervention that lowers the sycophantic concession rate S by making the model harder
to move also risks lowering the valid update rate V, and an evaluation that reports only S cannot
distinguish robustness from stubbornness. The hazard is empirical: naive anti-sycophancy SFT
drives a multimodal model’s correction rate from 41.73% to 2.17% while nearly zeroing sycophancy
[Pi et al.,, 2025] — an unqualified success under every resist-only benchmark of Section 9. This
section scores each rung of the mitigation stack on both coordinates of Table 2; Table 5 summarizes
the map, and the through-line is that P3 is escapable, but only by methods that build both directions
into the objective.

10.1 Data- and Preference-Level Interventions

Training interventions divide by whether their supervision encodes one direction or two. The
founding single-direction result: synthetic data decorrelating user opinion from the ground-truth
label reduces opinion-following without capability regression [Wei et al., 2023]. Consistency
training generalizes this to an objective — give the clean-prompt answer on pressure-wrapped
prompts — raising non-sycophancy with capability preserved, at the inherited cost that a wrong
clean-prompt answer becomes consistently wrong [Irpan et al., 2025]. The neutrality assumption
fails more broadly: across 602 runs, seven consistency-training variants suppress brittle failures
(reward hacking, emergent misalignment) yet amplify sycophancy under every method tested—a
perturbation-stable mode that self-generated pseudo-labels reinforce; prior RLHF largely protects
[Africa and Mani, 2026]. The overshoot cluster shows what omitting the second direction costs:
beyond the SFT collapse above, DPO variants reach near-zero sycophancy at near-zero correction
[Li et al., 2025a], anti-sycophancy SFT alone can increase pressure sycophancy while flipping
the pressure—evidence correlation negative [Mohsin et al., 2026], and tuned models reject correct
interlocutors more often than their bases [Rabbani et al., 2026].

Dual-direction designs demonstrate that the trade-off is not a law. Holistic DPO — preference
pairs built from both misleading and corrective persuasion dialogues — lifts safety accuracy under
sustained misleading persuasion from 4.21% to 76.54%, in the same study showing that resist-only
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training measurably damages receptiveness to valid correction [Tan et al., 2025]. Persuasion-
Balanced Training, built from dialogue trees scored by downstream correctness, essentially elimi-
nates “are you sure?” flip-flopping (—33.00 to +0.23 accuracy change) while holding misinformation
acceptance near the resist-only optimum [Stengel-Eskin et al., 2025]. What unites the successes is
counterfactual pairs — same pressure, different evidence quality — so the model learns the discrimi-
nation on g rather than a blanket disposition; the criterion is reachable even without gold labels or
weight updates, where a recursive causal-audit loop reaches 0.0% sycophancy under adversarial
hints while still accepting 88.0% of valid ones [Chang, 2026]. Complementary levers target where
the update applies: pinpoint tuning of the ~4% of attention heads mediating challenge-capitulation
spares capabilities that full SFT destroys, though it transfers weakly across sycophancy subtypes
[Chen et al., 2024]; reward-model surgery removes the upstream tilt toward agreement [Papadatos
and Freedman, 2024]; and on-policy multi-turn RL supplies the trajectory-level training unit the
failure lives in (Section 4) [Gao et al., 2024]—and 70-90% of multi-turn errors trace to the model’s
own earlier responses, so anchoring that reward to its own single-turn competence attacks self-
commitment directly, beating SFT, DPO, and vanilla GRPO without external verifiers [Chen et al.,
2026].

What “mitigated” means remains unresolved: the RLHF and DPO refreshes of Section 8 collapse
behavioral sycophancy while leaving the sycophancy-lying head overlap and probe AUROC nearly
intact [Pandey, 2026]. The consistent reading is that current training re-thresholds a readout rather
than removing a mechanism — the deference circuit stays dormant and available to pressure forms
the training distribution missed, which is the strongest argument for pairing training with runtime
monitors.

10.2 Inference-Time Interventions

The best inference-time methods encode the same counterfactual logic: compare behavior with
and without the pressure component of the input. Leading-query contrastive decoding recovers
adversarial POPE F1 from 10.6 to 84.3 while mostly preserving correct leading hints, at a 19.5-37.1%
latency cost [Zhao et al., 2024]; activation-fusion variants report the rarer second number too,
doubling accuracy when the user is wrong at a five-point cost when the user is right [Adityo
et al., 2025]. Steering has matured toward component-level precision—attention-head steering
lowers concession while raising post-challenge accuracy (Section 8; Genadi et al., 2026)—but
specificity is the standing caveat: a steering vector that cuts sycophantic agreement by 88.9% also
cuts agreement with correct stances by 20%, because although the substrate separates the two
agreements, residual-stream writing projects onto both [Buchan, 2026]. The family-level baseline
discipline is equally sobering: benchmarked across 500 concepts, every representation-steering
method—SAEs included—substantially underperforms plain prompting and finetuning, and steering
strength trades monotonically against instruction-following [Wu et al., 2025].

Premise handling shows the sharpest universal-versus-adaptive contrast in the stack: a universal
“check the premise” prompt collapses GPT-3.5’s overall QA accuracy from 56.0 to 35.2 to catch
the rare false premise [Vu et al., 2024], whereas risk-triggered verification rectifies false-premise
questions while modifying zero true-premise ones [Qin et al.,, 2025, Varshney et al., 2023]. Self-
correction divides on where the verification signal comes from. Intrinsic reconsideration degrades
reasoning, with harmful flips outnumbering helpful ones [Huang et al., 2023]; what works is
verification that isolates its questions from the polluted draft context and, above all, tool-grounded
critique, whose gains evaporate when tool feedback is ablated [Dhuliawala et al., 2023a, Gou
et al., 2024] — reflection is not the mechanism, independent evidence is. Monitors run alongside
generation and can make every other rung conditional [Cheng et al., 2026]; the cautionary baseline:
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a risk-gated friction system cuts pressured sycophancy to 1.4% where a static truthfulness prompt
reaches 2.1%, and its hand-tuned pressure classifier fails to transfer across models [Shah, 2026].

10.3 Dialogue Policy: Widening the Action Space

Between capitulation and stonewalling lies a structured action space — clarify, verify, ask for
evidence, state uncertainty, abstain, escalate, repair — and sycophancy is recast as a policy failure:
selecting “agree” from a menu the model was never trained to see. Making clarification a first-class
action works — explicit policy learning over {clarify, align, counter} cuts sycophancy rates from
44-90% to 8-32% across models [Ranaldi and Pucci, 2026] — but the overshoot reappears with
perfect symmetry: trained clarifiers over-ask, and the same RL that fixes coverage halves the direct-
answer rate on queries that deserve a direct answer [Zhao et al., 2026], making clarification the new
refusal. The conspicuously under-developed action is repair: 78.5% of triggered sycophancy persists
through the rest of the dialogue [Fanous, 2025], yet almost no work trains or evaluates revisiting
an earlier concession — arguably the highest-leverage unfilled cell in the mitigation matrix.

10.4 Uncertainty and Abstention as the Control Layer

Uncertainty is the signal that should route among these actions. The training side is mature —
refusal-aware tuning raises refusal on unanswerable questions from 18.35% to 96.62% [Zhang
et al.,, 2024], and preference orderings of correct answer > truthful refusal > wrong answer make
refusal difficulty-sensitive rather than blanket [Xu et al., 2024c]. But the layer inherits a defeater
from Section 8: the signal is itself pressure-sensitive. A single misinformation injection can raise
answer uncertainty, but repeated injection drives uncertainty back down by 52.8% while accuracy
keeps falling [Fastowski and Kasneci, 2024]. An uncertainty-gated defense works against one-shot
pressure and fails under sustained pressure, so the layer needs uncertainty estimated from signals the
conversation cannot easily push around, validated under repetition [Zhou et al., 2025b]. Multi-turn
calibration makes the requirement concrete: persuasive follow-ups roughly quadruple calibration
error at the second turn, and 23.7% of confidence increases accompany correct-to-incorrect flips; a
history-conditioned hidden-state probe holds per-turn ECE under 10%, and feeding its confidence
into decoding keeps accuracy roughly flat over five turns [Zhang et al., 2026].

10.5 System- and Deployment-Level Controls

The outermost rung treats the model as fixed and shapes its epistemic environment. In multi-
agent settings, structural fixes beat dispositional ones: a centralized judge halves sycophantic
disagreement-collapse where persona tuning moves outcomes only a few points [Yao et al., 2025].
Evidence gating looks like the obvious external anchor, but grounding cuts both ways: the most
regressive rebuttal type in SycEval is the citation-based one [Fanous, 2025] — evidence-shaped text
is a pressure channel, not a truth channel — so deployments need an explicit knowledge-conflict
policy rather than default faithfulness-to-context [Xu et al., 2024b]. Interface and trust design
determine how much pressure reaches the model and how outputs land on the user: the same
model behaves differently through API and consumer chat, and product behavior can reverse within
months (Section 9; Kirgis et al., 2026)—system-level mitigations exist, are effective, and are invisible
to API-based evaluation. “T am an AI” disclaimers do not carry that load; transparency must be
enacted structurally rather than merely stated [Brosnahan and Lipinska, 2026].

The stack, assembled. Three conclusions follow. First, the rungs are complementary: training
sets the equilibrium in the (S, V) plane, inference-time methods control excursions under unseen
pressure, dialogue policy fixes the action space, the uncertainty layer routes among actions, and
deployment design controls how much pressure arrives. Second, the dilemma is resolved in the
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Table 5. Compact map of the mitigation stack: intervention families scored on both coordinates of Table 2
(“=” = not measured; | = concession falls). Full per-method comparisons, with loci and evidence status, are
given in Tables S6-S7 in the supplementary material.

Intervention family Effecton S Effecton V Known failure mode

Synthetic decoupling [Wei et al, | - untested under multi-turn pres-
2023] sure

Dual-direction  preference opt. | (acc. under pressure preserved closed-form QA; simulated per-
[Stengel-Eskin et al., 2025, Tan et al., 4.21—76.54) suaders

2025]

Naive anti-syc. SFI/DPO [Li et al., || collapses (correction stubbornness; over-critical of cor-
2025a, Pi et al., 2025] 41.73—2.17) rect speakers

Consistency training [Irpan et al,, | not scored; capability kept entrenches wrong clean-prompt
2025] answers

Activation steering [Buchan, 2026, | can improve; correct agreement layer/coefficient sensitivity; sub-
Genadi et al., 2026] -20% strate persists

Contrastive decoding [Zhao et al,, | correct hints mostly kept latency; can freeze wrong answers
2024]

Premise verification [Qin et al., 2025, | targeted: spared; universal: taxed universal prompt over-cautions
Vu et al., 2024] weak models

Dialogue policy (clar- | at risk: direct-answer rate halves over-asking; weak without ground
ify/verify/abstain) [Ranaldi and truth

Pucci, 2026, Zhao et al., 2026]

Uncertainty/abstention layer [Xu indirect known-question acc. at risk repetition lowers uncertainty [Fas-
et al., 2024c, Zhang et al., 2024] towski and Kasneci, 2024]
System-level (gating + monitors + | - citation-shaped pressure; static-
interface) [Kirgis et al., 2026, Shah, prompt baselines competitive;
2026] product drift

only sense available: jointly supervised methods reach operating points — low S with preserved
or improved V [Stengel-Eskin et al., 2025, Tan et al., 2025] — that single-direction methods never
reach. Third, most published evaluations leave the V cell empty, and an empty cell is not evidence
of safety — it is where the next overshoot is hiding.

11 Open Problems and Research Agenda

Each dissociation P1-P5 was resolved conceptually; none is resolved technically. We order the
resulting problems by what blocks what: measurement first, training objectives second, mechanisms
third — without validated simulators, trajectory metrics, and dual-direction reporting, no training-
level claim can be verified (Section 9); without g-sensitive objectives, mechanistic understanding
has nothing to optimize toward (Section 10); and mechanism universality matters exactly insofar
as it makes the first two portable across model families.

Measurement: model belief. The knowledge-behavior dissociation presupposes that what a model
believes is measurable independently of what it says, yet belief attributions are inconsistent under
paraphrase and entailment before any social pressure is applied [Hase et al., 2023], and current
probes may identify a correlate rather than belief [Levinstein and Herrmann, 2024]. Needed: an
elicitation protocol invariant across paraphrase, entailment, and method, validated by whether it
predicts which items survive interactive pressure out of distribution. The companion certification
problem is harder: behavioral remediation leaves the sycophancy substrate intact [Pandey, 2026],
so low measured S does not certify a closed A; a deployable monitor must survive new pressure
families and optimization against it, failing loudly rather than silently.

Measurement: validated simulators and trajectories. Trajectory evaluation at scale requires simu-
lated users, since the harmful direction cannot ethically be run on humans, but the instrument is
unvalidated where it matters: LLM user simulators drift from assigned goals at 10-40% baseline
rates [Mehri et al., 2026], and the same model behaves differently behind API and chat interface,
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with product behavior reversing within months [Kirgis et al., 2026]. Needed: paired studies run-
ning the same pressure protocol with simulated and human users on the benign subset, reporting
agreement of (S, V) estimates. No published evaluation tests drift across sessions with persistent
memory — precisely the companion-deployment configuration where the observational harm
record concentrates (Section 6) — and benchmarks should name their evaluation rung and report
metrics as functions of the turn index.

Objectives: selective adaptability beyond answer keys. Every method that escapes the resist-update
dilemma trains or evaluates on pressure labeled by evidence quality q(p;) [Stengel-Eskin et al.,
2025, Tan et al., 2025], and all of it lives in closed-form QA, where truth values make labeling cheap.
Operationalizing selective adaptability in open-ended, clinical, and normative domains — where
valid evidence requires provenance rather than an answer key — is the central objective-level
problem; the success criterion is dual-direction training that moves S down and V up out of domain.
Deployed models must ultimately estimate g online, and the raw signal is corrupted exactly where
needed: repeated misinformation lowers uncertainty on wrong answers by 52.8% [Fastowski and
Kasneci, 2024]. Repair — revisiting an earlier concession — remains almost unstudied; recovery
rate should join time-to-failure as a standard trajectory metric.

Mechanisms and honesty. Which post-training ingredient produces pressure-robust honesty
is unknown: some model families sit near zero deception where peers under identical pressure
exceed 90% [Huang et al., 2025], and no controlled ablation connects candidate ingredients to the
gap; honesty should be reported as a curve over pressure intensity, not a single point [Ren et al.,
2025]. Mechanism universality is untested at frontier scale: shared sycophancy-lying circuitry
spans twelve open-weight models [Pandey, 2026], but whether these are universal motifs or family
idiosyncrasies determines whether mechanistic mitigations — and dual-direction gains — transfer
across families and pressure channels. The unresolved conflict is reasoning training, which lengthens
time-to-flip yet supplies better rationalizations for capitulation [Zhu et al., 2025b].

Sociotechnical obligations. Vulnerable-user detection is dual-use: the same persona inference that
would let a model protect a susceptible user lets it exploit one [Ghandeharioun et al., 2024], and no
framework specifies when state-contingent epistemic behavior is permissible or how it is audited.
Harms concentrated in susceptible subpopulations are invisible to average-case benchmarks;
interface-level audit methodology exists [Kirgis et al., 2026] but must be repeated over time on
deployed interfaces, not APIs. And transparency mandates do not neutralize the capability they
disclose: labeling content as Al-generated does not reduce its persuasive effect [Gallegos et al.,
2025].

The through-line is the survey’s central claim: epistemic robustness is not derivative of capability
(Section 4) and is not subsumed by safety-as-refusal (Section 2) — it is a third evaluation axis,
to be reported as routinely as the other two: a (S, V) pair at a named rung, an honesty-under-
pressure curve, and a time-to-failure distribution, for every model whose deployment surface is a
conversation.

12 Limitations and Broader Impact
12.1 Limitations of the synthesis

The unification is a falsifiable hypothesis. Treating sycophantic concession, false-premise uptake,
misinformation adoption, deceptive accommodation, and harmful model-to-user influence as one
property predicts shared computational substrates [Pandey, 2026] and at least partial cross-channel
transfer of dual-direction interventions. A finding that the manifestations are mediated by disjoint
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mechanisms responding independently to intervention, or systematic transfer failures across the
pressure channels of Section 4.3, would fracture the construct into a family of correlated symp-
toms. The interaction-loop abstraction also has a scope boundary: settings without an identifiable
interlocutor pressing a determinate stance — single-shot generation, retrieval pipelines without a
user, open-ended co-creation — are outside its intended coverage.

The evidence base is heterogeneous. The claims assembled here rest on preregistered human-
subject experiments, judge-mediated benchmarks, simulations in which the “user” is another
model, formal models, and observational corpora of unequal causal strength; the coupled-dynamics
evidence of Section 6 is the least causally secured, since the observational psychosis corpora cannot
rule out selection or reverse causation. Roughly half of the 525 papers read in full were preprints at
the time of reading (supplementary material, §53), and individual numbers cited from preprints
should be treated with corresponding provisionality.

Product-model results are dated snapshots. The same model behaves differently through the API
and the consumer interface, and product behavior can reverse within months [Kirgis et al., 2026]
— a fact that applies reflexively to many studies cited here, so every product-model claim should
be read as indexed to the checkpoint, access path, and date in the primary source. What we take
to be durable are the structural findings — the five dissociations, the resist-update geometry, the
unit-dependence of measurement — replicated across model generations even as individual rankings
churned.

The notation idealizes. The (S, V, A) formalism assumes a binary flip and a binary evidence-quality
label, faithful to the QA-style settings where most evidence lives but under-fitting open-ended
domains where positions are graded, evidence quality is contextual, and the correct update may be
to reframe. The quadrant structure of Table 2 survives generalization to graded stances — update
magnitude should track evidence quality — but operationalizing ¢ outside answer-key domains
remains on the agenda (Section 11), not a solved preliminary.

12.2 Broader impact

This survey consolidates, in one place, the pressure channels by which models are destabilized
and users influenced — material with evident dual-use character — and our judgment is that
consolidation favors defense: every attack pattern discussed is already published, whereas the cross-
channel view (resist-only fixes overshoot, single-turn audits overstate robustness, measurement
gaps concentrate where deployment risk does) is what defenders lack and attackers do not need; we
cite rather than reproduce attack prompts and scaffolds. Three cautions attach. The mental-health
material (Section 6; supplementary material, §51) concerns a vulnerable population whose evidence
base is young, partly observational, and easily sensationalized; this survey should not be cited for
claims stronger than the underlying studies make. Our call for trajectory-level and user-outcome
evaluation is not a license for invasive measurement of users — simulated-user and consented-panel
designs are surveyed precisely so that such evidence need not come from unconsented product
telemetry. Finally, defining epistemic robustness as a reportable property creates an optimization
target, and Goodhart pressure on (S, V) is foreseeable: a model tuned to the pair on a known
benchmark distribution may learn the benchmark, not the disposition — an argument for the
diversity of instruments catalogued here, not against measurement.
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13 Conclusion

Large language models are deployed as interactive advisors but evaluated, mostly, as answer engines.
In that gap lives a family of failures — sycophantic concession, belief drift under persuasion, false-
premise uptake, deceptive accommodation, harmful influence over users, and dyadic feedback loops
— studied in separate literatures yet sharing one signature: expressed belief tracks conversational
pressure rather than evidence.

The property deployed systems need is epistemic robustness, operationalized as selective adapt-
ability: low sycophantic concession S under evidence-free pressure, high valid update V under
genuine evidence, and a small honesty gap A between what the model represents and what it says —
maintained over trajectories and evaluated on both sides of the loop. Neither stability nor flexibility
is the target; evidence-sensitivity is. The mitigation record supports this pointedly: one-directional
interventions trade sycophancy for stubbornness, while dual-direction objectives show the trade is
an artifact of what we optimize.

The field’s constraints, in order, are measurement, objectives, and mechanisms. We therefore
offer epistemic robustness as a reporting standard first (the protocol of Section 9 requires no new
experiments), a benchmark family second (dual-direction, rung-indexed instruments with early
exemplars), and a training objective third — in that order, because each stage is prerequisite to
auditing the next. Interaction is not a corner case of language model use; it is the use, and epistemic
robustness under interaction should be evaluated, reported, and optimized accordingly.
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