Psychostability:
Robustness and Corrigibility as Two Error Rates of One
Detector

PIATRA . INSTITUTE

September 2026



Abstract

An aligned language model should resist irrelevant context, social pressure and adversarial in-
structions while still accepting legitimate correction and new evidence. Recent benchmarks mea-
sure this property under the names correction selectivity and selective updating. We treat it as a
detection problem in which, for each perturbation, the system decides whether the perturbation is
normatively relevant. Under an equal-variance signal-detection model, robustness and corrigibil-
ity are the correct-rejection and hit rates of a single detector and lie on one operating characteristic.
With zero discriminability they sum to 1 at every threshold. At the balanced threshold one unit
of robustness costs exactly 1.000 unit of corrigibility; at a robustness of 0.99 it costs 14.192, and
corrigibility has fallen to 0.372. Discriminability can be recovered from the two rates to within
2.37e-11, whereas the difference between the rates, the summary used in published work, varies
across 0.683 of its range with discriminability held fixed, so two detectors whose discriminabilities
differ by a factor of 3 can report the same difference. The geometric mean proposed for combining
stability components has a compensation floor of 0.0467, so a component at 0.30 is fully offset by
five others at 0.689; the harmonic mean has a floor 4.29 times higher. Because the optimal threshold
depends on the expected rate of legitimate correction, an adversary who floods a channel changes
the optimal policy: below a correction rate of 0.0050 the optimal system accepts fewer than 5% of
legitimate corrections.

Introduction

A deployed model is perturbed continually. Its inputs are rephrased, flattered, threatened, mixed
with instructions from retrieved documents, described as training data, and occasionally corrected
by someone entitled to correct it. Each kind of perturbation has its own literature. Sycophancy was
first measured at scale with model-written evaluations (Perez et al. 2023), has been studied directly
in assistants trained on human feedback (Sharma et al. 2023), and increases when a model is trained
toward warmth (Ibrahim et al. 2026). Untrusted retrieved content can act as an instruction channel
(Greshake et al. 2023), instruction sources can be ordered by authority (Wallace et al. 2024), and
optimised adversarial suffixes transfer across models (Zou et al. 2023). Under distribution shift a
policy can keep its competence while pursuing the wrong objective (Langosco et al. 2021; Shah et
al. 2022), and a model’s behaviour can depend on what it infers about its own training (Hubinger
et al. 2024; Greenblatt et al. 2024).

In each case the desired behaviour is selective. A model that never changes its answer also ignores
its operator, and a model that changes its answer whenever pressed is suggestible. The target is
a change in behaviour proportional to the normative relevance of the perturbation. Recent work
measures this property directly as correction selectivity (Sinha 2026) and selective updating (Nee
et al. 2026).

We formalise the property as a detection problem. For each perturbation the system must decide
whether it belongs to the class that should change its behaviour, and the optimal rule for such a de-
cision is a threshold on the likelihood ratio, a result that dates to 1933 (Neyman and Pearson 1933).
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The formulation has direct consequences for evaluation. At fixed discriminability, robustness and
corrigibility cannot both be improved. The difference-of-rates summary used in published eval-
uations does not measure discriminability, and the standard detection-theory index does. The
geometric mean proposed for aggregating stability components allows substantial compensation.
And an adversary who controls the base rate of legitimate correction controls the optimal thresh-
old.

All results are properties of a stipulated model. No language model is evaluated, and the dis-
criminability of any deployed system is unknown. The computations use exhaustive grids, closed
forms checked numerically, and a seeded ensemble of random parameter draws; a set of invariants
is checked on every run and any failure stops it.

The detection model

Suppose each perturbation carries evidence about its own legitimacy, summarised as a scalar cue.
The cue is drawn from a unit-variance normal distribution with mean d when the perturbation
is a legitimate correction and with mean 0 when it is nuisance or attack. The system changes its
behaviour when the cue exceeds a threshold ¢, which gives two rates:

corrigibility C' = ®(d — ¢), robustness R = ®(c).

Corrigibility is the hit rate and robustness the correct-rejection rate of one detector. For this family
the likelihood-ratio test reduces to a threshold on the cue (Neyman and Pearson 1933), so every
attainable pair (R, C) lies on the curve traced out by c at fixed d.

Robustness and corrigibility on one operating characteristic

Whend =0, R+ C = ®(c) + ®(—c¢) = 1 for every threshold; across the swept range of thresh-
olds the largest numerical deviation from 1 is 0.0. A system that cannot distinguish correction
from pressure trades robustness for corrigibility one for one, and training that leaves d unchanged
cannot improve both.

For d > 0 the exchange rate along the curve is ¢(d — ¢)/p(c), which equals 1.000 at the balanced
threshold ¢ = d/2. At d = 2 the rate is 1.756 when robustness reaches 0.90 and 14.192 when it
reaches 0.99, where corrigibility has fallen to 0.372. The corrigibility cost of additional robustness
therefore grows steeply near the end of the curve, and a reported robustness gain is incomplete
without it.

At a fixed threshold, discriminability affects only corrigibility: with ¢ held fixed and d increased
from 0 to 4, corrigibility rises from 0.159 to 0.999 while robustness changes by 0.000. An inter-
vention can therefore act in two distinct ways. Raising d improves corrigibility with no loss of
robustness, and moving c exchanges one rate for the other. Evaluations that report both as im-
provements in stability cannot be compared with one another.
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Reaching a level L on both rates requires d = 2®~1(L), which is 3.290 for L = 0.95 and 4.653 for
L =0.99.

Reporting discriminability instead of rate differences

Published evaluations report the two rates separately or summarise them by their difference, the
rate of accepting correct suggestions minus the rate of accepting incorrect ones, expressed in per-
centage points (Nee et al. 2026). That difference depends on the threshold as well as on discrim-
inability. Atd = 2 it varies across 0.683 as the threshold moves, from 0.683 at the balanced point
to 9.87e-10 at either extreme. A system whose difference is near zero may discriminate well and
be set to accept or reject nearly everything.

Two detectors show how far apart systems with the same summary can be. A detector with d = 3
and threshold 3.297 has a difference of 0.383, and so does a detector with d = 1 at its balanced
threshold. The first operates at robustness 0.9995 and corrigibility 0.383, the second at 0.691 on
both rates.

Discriminability can be recovered from the two rates,

d=3"(R)+ o 1(C),

and over 4000 random draws of d and threshold this expression returns the generating value to
within 2.37e-11. It is the discriminability index of signal detection theory, written in the sign con-
vention used here (Green and Swets 1966; Stanislaw and Todorov 1999). Any study that reports
both rates can report this index as well, and it is the quantity an intervention has to increase in
order to improve both rates together.
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Figure 1: Robustness and corrigibility on one operating characteristic. (a) Attainable pairs for
several discriminabilities; dots mark the balanced threshold and crosses mark two detectors whose
discriminabilities differ threefold but whose rate differences are equal. (b) Corrigibility lost per unit
of robustness gained along the curve with d = 2, from 1.000 at the balanced threshold to 14.192
at a robustness of 0.99. (c) At a fixed threshold, raising discriminability increases corrigibility and
leaves robustness unchanged.
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Aggregating stability components

When selectivity is measured separately for several perturbation channels, such as epistemic, so-
cial, hierarchical, contextual, strategic and temporal, the scores have to be combined. The geomet-
ric mean has been proposed for this so that a very low score on one channel cannot be offset by
high scores on the others.

We measure how much offsetting each aggregation rule allows. Take a reference system scoring
0.60 on all six components and find the lowest value one component can take while the other five,
each at most 1, still bring the aggregate up to the reference. This compensation floor has a closed
form for each rule, and the closed forms agree with a direct grid search to 0.000344, the resolution
of the grid.

The floors are 0.0000 for the arithmetic mean, 0.0467 for the geometric mean, 0.2000 for the har-
monic mean and 0.6000 for the minimum. The geometric mean does handle the case it was pro-
posed for: an example vector with two near-zero components scores 0.680 under the arithmetic
mean, above the reference, and 0.353 under the geometric mean, below it.

Its protection is limited to components close to zero. Under the geometric mean a component
at 0.30 is fully offset by five components at 0.689, so a system that accepts legitimate correction
less than a third of the time receives the same aggregate as one that is uniformly mediocre. The
harmonic mean has a floor 4.29 times higher than the geometric mean, and the minimum allows
no offsetting, since its floor equals the reference. The arithmetic mean offsets even a component at
zero with five components at 0.72.

If corrigibility is a requirement, it is enforced more reliably as a minimum on each component,
checked before aggregation, than as a term inside an average.

Adversarial control of the base rate

The optimal threshold depends on the expected share 7 of perturbations that are legitimate cor-
rections, whether that dependence is set explicitly or learned from training feedback (Christiano
et al. 2017). With equal costs for the two kinds of error the likelihood-ratio threshold is ¢* =
d/2 + In[(1 — 7)/7|/d, and this closed form agrees with a direct search to 2.72e-06.

At deployment 7 is partly controlled by an adversary, because anyone who can generate traffic can
lower the share of perturbations that are legitimate corrections, and the optimal threshold rises as
7 falls. Atd = 2 and m = 0.01 the optimal policy accepts 0.097 of legitimate corrections. Below a
rate of 0.0050 it accepts fewer than 5%, and below 0.00129 fewer than 1%.

A model that resists correction is usually attributed to over-aggressive robustness training. The
calculation shows a second route to the same behaviour: a correctly tuned system facing a flooded
channel also rejects nearly all corrections. The two cases cannot be told apart from behaviour alone,
so evaluations should record the base rate a system was tuned for.
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Because expected loss is linear in 7, an adversary who can choose m will choose an extreme, and
the threshold that minimises worst-case loss equalises the losses at 7 = 0 and m = 1. With equal
costs this threshold is d/2; the numerical minimax threshold is 1.00 and the analytic value is 1.00.
Across 600 random draws of the constants the numerical minimax threshold never differs from
half the discriminability by more than 0.00500, half the grid step. The balanced threshold, where
the exchange rate between the two rates is 1, is therefore also the minimax threshold. A system
tuned to a more favourable base rate has a worst-case regret of 0.159.

Correlated perturbation channels

A related formulation specifies the desired sensitivities directly as a Jacobian, with zero gain on flat-
tery and on false claims of authority and positive gain on evidence. Specifying a desired sensitivity
function is standard in feedback control (Zames 1981).

In natural text these channels co-occur, since a claim of authority often arrives together with the
evidence it cites. Let the system observe a symmetric mixture of two channels with correlation p.
The gain needed to realise the desired Jacobian exactly is 1.00 when the channels are orthogonal,
7.08 at p = 0.9 and 70.71 at p = 0.99, an increase by a factor of 70.7, and the closed form matches
the solved linear system to 1.78e-15. With the gain bounded at 2, the residual error is 0.000 for
orthogonal channels and 0.718 at p = 0.9.

The Jacobian and detection formulations describe the same limitation. The discriminability left by
the mixture falls in proportion to 1 — p, from 5.657 at p = 0 to 0.566 at p = 0.9, and the robustness
attainable at the balanced threshold falls from 0.998 to 0.611. Within the model, further training
against a perturbation family whose cue overlaps the cue of legitimate correction cannot remove
the overlap, because the overlap is a property of the observations.
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Figure 2: Aggregation rules, base rates and correlated channels. (a) The lowest value a single
component can take while the others offset it, under four aggregation rules, with a reference of
0.60. (b) Corrigibility at the optimal threshold as the share of legitimate corrections falls; the shaded
region is where the optimal policy accepts fewer than 5% of them. (c) The gain required to separate
two channels as their correlation increases, and the discriminability that remains.
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Relation to human resilience

The term psychostability comes from an analogy with people who can work with deeply disturbing
material without lasting harm. Resilience research now describes resilience as maintained function-
ing relative to the load experienced (Bonanno 2004), and the construct is still contested across the
disciplines that use it (Southwick et al. 2014). Emotion-regulation research distinguishes strate-
gies that act before an emotional response from those that modify a response already under way
(Gross 1998). That distinction resembles the one drawn above between raising discriminability and
moving a threshold, since in both cases two mechanisms can produce similar outcome measures.
Resilience training has modest average effects (Joyce et al. 2018), and secondary traumatic stress
among investigators exposed to child sexual abuse material has been documented (Bourke and
Craun 2013).

The analogy does not support the conclusion that insensitivity is desirable. A system optimised for
insensitivity alone sits at the corner of the operating characteristic where robustness approaches
1 and corrigibility approaches 0, which is the failure that research on corrigibility aims to prevent
(Hadfield-Menell et al. 2017). Alignment concerns which behaviour a system settles on, and se-
lectivity concerns how that behaviour responds to perturbation (Russell et al. 2015; Amodei et al.
2016; Hendrycks et al. 2021; Ngo et al. 2022; Bengio et al. 2024). High selectivity around a badly
chosen behaviour makes that behaviour harder to correct.

Limitations

The model assumes a single scalar cue with equal-variance normal distributions and a threshold
rule. Unequal variances bend the operating characteristic and remove the symmetry that makes
the balanced threshold special, and multiple cues make the sufficient statistic multivariate. Neither
change alters the direction of the results, but both change their magnitudes. The ensemble varies
the parameters and keeps the functional form fixed.

The discriminability of real systems is unknown. We found no study that estimates how far apart
the cues of legitimate correction and adversarial pressure lie for any deployed model, and we
supply no value; the results give the consequences of a value and a way to estimate one from
measurements already being collected.

The detection model describes the input-output behaviour of a system and makes no claim about
its internal representations. No language model is evaluated here, and figures from the two em-
pirical studies discussed are attributed to them and are not used in any computation.

Selectivity is distinct from safety. A system with any objective can sit at any point on the curve,
and higher discriminability makes it better at distinguishing correction from pressure regardless
of how it then acts. Several documented failures, including goal misgeneralisation (Hubinger et
al. 2019; Shah et al. 2022), behaviour conditioned on inferred training (Greenblatt et al. 2024) and
broad misalignment after narrow fine-tuning (Betley et al. 2026), are not failures of selectivity and
would not be fixed by improving it. The closest older problem is the stability—plasticity dilemma
in learning systems (Grossberg 1987; McCloskey and Cohen 1989), which concerns what a network
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retains while it is trained; the problem studied here concerns how a trained system responds to its
inputs while it is used.
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