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The premise both sides share

In 1965 I. J. Good wrote that the first ultraintelligent machine would be the last invention
humanity need ever make, “provided that the machine is docile enough to tell us how to keep
it under control” [9]. Sixty years on, the proviso is still doing the work. The companies now
pursuing recursive self-improvement and the researchers who fear it [1, 10] disagree about nearly
everything except one premise, which neither side states because neither side doubts it: that
a system improving itself can tell whether it is improving. The optimists expect the loop to
compound gains and the pessimists expect it to compound power, and both expect the loop’s
own score to report which is happening.

This note is about that premise. It argues, from an elementary theorem and one recent
geophysical result, that a self-improving system built on today’s memory conventions cannot
tell whether it is improving, and that the reason is not a limit on its intelligence but a property
of how its scores are written down. The argument has five steps. Each is short, and each rests
on a result stated and proved in the technical papers listed at the end.

1. A score is a measurement

The accounts now current [1] describe three mechanisms: reinforcement learning against a
scored environment, evolutionary search over scored candidate designs, and an agent trained
on the records its predecessor wrote. The report explains the first two at length and describes
the third in its opening; all three are in use. They differ in what they optimize and in how
they generate candidates, but they share a step. At some point each generation is judged by a
number, and the next generation is built toward a higher one. The number may be a reward, a



benchmark score, a judge model’s verdict, a loss against the previous generation’s outputs, or a
fitness value; the name does not matter.

What matters is that the number is produced by an instrument, and every instrument has
error. A benchmark is a finite sample of tasks, so its score is a sample estimate of a capability
the sample does not exhaust. A judge model’s verdict is one noisy reading of a quality it does
not observe directly. A reward from a simulator is a reading of an outcome under a model of
the world that is not the world. In every case there is a quantity the loop cares about, call it X,
and a reading of it, call it W, and W is not X. The difference is not a nuisance to be averaged
away. It has a structure, the instrument’s error model, and the instrument’s builders usually
know it. That knowledge is where the trouble begins, because of what happens to it next.

2. Writing the reading as a number loses something specific

The reading goes into the memory store — the record from which the next generation will
be trained, selected, or judged — as a value. The error model does not go with it. This is
the universal convention: a cell holds a number, and whatever was known about the number’s
uncertainty is at best a note in a separate column that nothing downstream reads. The core
paper [2] asks a precise question about the convention: when is it harmless? When does
computing from the number give the same answer as computing from the full reading and
reducing to a number at the end?

The answer is a theorem, and it is sharp. Reducing to a number before a computation agrees
with reducing after it, for every possible input law, exactly when the computation is affine — a
weighted sum, and nothing else. For any curved use of the number the two disagree, and the
disagreement is not noise. It is a bias: of definite sign, set by the direction of the curvature;
of a size set by the curvature and by the dispersion that was discarded; and immune to more
data, because more readings from the same instrument do not restore what each reading lost
at the moment it was written. The proof is Jensen’s inequality, which is more than a century
old. What is new is the observation that the convention puts the bias everywhere, since almost
nothing a self-improving loop does with a score is affine. It thresholds, it ranks, it selects the
maximum, it passes the score through a nonlinear reward, it compares this generation’s number
to the last one’s.

3. A learner trained on the record cannot recover the truth

Suppose the loop is not merely selecting on the score but learning from it: a reward model, a
value function, a predictor of which candidate designs will score well. The memory note [3]
shows what such a learner converges to. A consistent supervised learner trained on records that
pair readings W with outcomes Y estimates the regression of the outcome on the reading — the
best guess at Y given W — and not the regression of the outcome on the quantity, which is the
response to X the loop was trying to learn. The two differ whenever W carries error, and under
the observation model of the core paper the difference has a closed form: a linear response is
learned with its slope attenuated by the instrument’s reliability — regression dilution, more
than a century old — which in the paper’s coordinate shows as a concave power law. The
papers call this the artifact, because it is structure present in the record and absent from the



world. It is a different failure from step 2’s: there, a curved use of a number that was already
collapsed; here, the reading standing in for the quantity, with no curvature needed at all. In the
closed-form case the response is linear in the quantity and the whole effect is the second kind.

The learner cannot do otherwise. It is not making a mistake; it is estimating exactly what
the record contains, and, in the model of the papers, a record of noisy readings and noisy
outcomes does not contain what it would need in order to do better: no regression run on
it, in either direction, recovers the response without the error model, which is the one thing
the record does not hold. This is why the usual remedies fail in a specific and predictable
way. More data, more capacity, and a richer model class all produce faster and more faithful
convergence to the artifact, and better optimization leaves the target where it was. Capability
is spent on distance to the target; the target is set by the memory store.

4. Iteration compounds it, at a rate the instrument sets

Now let the loop run. The fixed-point paper [4] defines the population operator of a self-
improvement loop and proves what happens to the artifact under three regimes, which between
them cover the real pipelines.

In the first, each generation keeps the original outcomes as its labels and refreshes only
its readings. This is the honest loop, and the artifact is its fixed point: every generation
converges to the same flattened response as the first, and no generation improves on it, however
capable. In the second, each generation is labeled by the previous generation’s predictions
and trained against a fresh reading of the same quantity — which is what distillation does,
what pseudo-labeling does, what a reward model trained on the last policy’s outputs does,
and what an agent trained on its predecessor’s records does. Here the learned response does
not stay put. It contracts, generation by generation, toward a constant, the unconditional
mean of the outcome, and the contraction is geometric at a rate fixed by one number: the
squared maximal correlation between a reading and the quantity it measures. That number is
a property of the instrument. A reading that pins the quantity down nearly exactly forgets
slowly; a noisy reading forgets in a few generations. Nothing downstream changes the rate —
not the architecture, not the optimizer, not the sample size — because the theorem is about
the target, not the fit. The third regime is the mixture, which retains a fraction of ground
truth each generation and settles at its own fixed point between the other two.

This is regression to the mean, compounded once per generation. It should be distinguished
from model collapse [6, 7], which it is not. Model collapse is a finite-sample phenomenon: tails
are undersampled, the fitted distribution narrows, and the effect is weakened by more data and
by retaining real data. The contraction here has infinite data per generation, samples nothing,
loses no tails, and is sharpened rather than cured by more data; and retaining real data does
not help when the real data is itself point-valued, because the first generation is already at the
artifact.

5. The loop’s own evaluator cannot see it

This is the step that answers Good’s proviso. Under the second regime, the loop’s own training
loss — the error of each generation against the labels the previous generation gave it — goes



to zero as the response is forgotten. The loop reports success at exactly the moment it has
lost what it set out to learn. Under the first regime the situation is worse in a quieter way: no
evaluation against the record can detect the artifact at all, because the artifact is the record’s
own regression function, and any evaluator that reads the same memory store will confirm
it. An evaluator that kept the original outcomes, outside the loop, would see the error rising
toward the variance of the true response. But the record the loop trains from cannot represent
that, and a self-improving system, by construction, trains from its own record.

So whether a loop is improving is not a question its score can answer. It is a question about
the memory store: does it keep, for each reading, the dispersion the theorem needs, or only the
number? That is a design property. It cannot be tested from inside the loop, and it can be
checked from outside; the memory note [3] gives three conformance checks that test whether an
implementation carries a reading as a law rather than as a point. This is the kind of question
Codd asked of relational systems in 1981 [8]: not how well a system performs, but whether it
has the capability at all.

The repair is at the memory store, and it is cheap

The fixed-point paper’s last theorem says what happens when the memory store keeps the
reading as what it is: a law over the quantity, with the instrument’s error model attached,
conditioned anew on each fresh reading. Then the same readings, under the same learner,
converge on the truth. In the simplest case the cost is two numbers per cell instead of one, and
the second number is already on the instrument’s calibration certificate. What changes is the
write convention — not the learner, not the compute, and not the pace of the research.

What is and is not claimed

What is claimed is narrow: the loss sits in the memory store, the loop’s own evaluator cannot
see it, and a write convention removes it. What is not claimed is wider. The theorems are
about measured quantities: scores, rewards, fitness values, losses, and the telemetry, sensor
readings, and logged metrics a system keeps about its own operation. They say nothing about
text or code as such. What a self-improving system trains on is mostly text and code; what it
selects on is a number, and the number is covered. The results are population statements about
targets, so they bound what any learner can achieve from a given record and say nothing about
how fast a particular system approaches the bound. No claim is made about any deployed
system.

The evidence that this is not hypothetical

For as long as the record of strong solar driving had been kept, Earth’s magnetosphere was
believed to saturate under it. The saturation was in the data, was modeled as physics, and was
built into estimates of space-weather risk. In 2026 Sivadas and colleagues showed in Nature
[5] that it is what a linear response looks like when the driver is stored as a value and its
measurement error is stored nowhere — regression to the mean, read as a ceiling — and that
removing the artifact roughly doubles the estimated impact of a storm on the scale of the 1859



Carrington event. No self-improving system was involved. There was only a memory store built
on the universal convention, and generations of careful people computing carefully from it.

The question to ask

The current debate asks whether a self-improving system will become too capable to control.
The question this note would put first is smaller, and it can be answered today for any loop
that scores itself: what does its memory store keep of a reading, besides the number? If the
answer is nothing, then the loop’s fixed point has already been chosen by the write convention,
its score will report success on the way there, and Good’s proviso — that the machine be able
to tell us how it is doing — was failed before the machine was built.

The property at stake is not, in the end, a safety property, though safety is where it bites
first. It is a correctness property, and correctness is prior: if machines are going to reason about
the physical world — in science, engineering, and medicine, wherever their inputs are measured

— they must be able to reason from what was actually observed to conclusions that are actually
warranted, and a memory that asserts a precision it never measured denies them that at the
first step. Safety is the special case where being wrong hurts.
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