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Abstract

A recent empirical study shows that training a single transformer layer under re-
inforcement learning, while every other parameter is frozen, recovers most of the
improvement achieved by full-parameter training, and does so consistently for lay-
ers concentrated in the middle of the network’s depth. This article treats that find-
ing as a case study of a more general distinction: a system’s nominal freedom to
be modified is not the same as its effective freedom to be improved. After stat-
ing the paper’s results at their actual strength and identifying what they do and
do not establish, a repair-set formalism is introduced that expresses this distinction
mathematically, independent of any account of why it holds. A three-level inter-
action hierarchy is proposed to test whether repairs found at different layers com-
pose, obstruct, or jointly reach solutions unavailable to either alone. A separate,
explicitly speculative section then proposes one candidate mechanism, grounded
in prior work on residual-stream refinement and transformer interpretability, for
why repair-compatible directions might concentrate at intermediate depth, together
with a falsifiable test computable from a pretrained checkpoint alone. The formal-
ism is constructed to survive independently of this mechanism, whatever the test’s
outcome.

1 Introduction

A system arriving at post-training is already organized: its parameters encode a func-
tioning, if imperfect, solution produced under constraints different from those imposed
during subsequent reinforcement learning. It is natural to assume that improving such
a system under reinforcement learning is a matter of adjusting this organization more
or less uniformly — that every parameter, having contributed to the pretrained solu-
tion, is equally available to contribute to its improvement. A recent empirical study of
large language models gives strong reason to reject that assumption. Training a single
transformer layer under reinforcement learning, while every other parameter remains
frozen, recovers most of the improvement achieved by training the entire model, and ina
number of cases exceeds it [1]. This is true not for an isolated model or task, but across
seven models, two model families, three reinforcement learning algorithms, and task



domains as different as competition mathematics and multi-step embodied decision-
making. The layers responsible are not scattered arbitrarily through the network; they
concentrate, reliably and reproducibly, in the middle of its depth.

A system’s nominal freedom to be modified is not the same as its effective freedom
to be improved. One manifestation of this distinction is that the parameters a system
presently depends upon for its behavior need not coincide with those that provide useful
directions for adaptation.

This article treats the paper’s findings as a case study of that general distinction,
rather than as a fact to be explained away or absorbed into existing accounts of layer im-
portance. The paper under discussion demonstrates the distinction with unusual clarity,
because it is precise enough to quantify, and because its authors take care to rule out the
most obvious deflationary explanation: the layers that matter most for adaptation are
not simply the layers that move the most.

What follows takes the paper’s findings as fixed and asks two separate questions of
them. The first is interpretive: once the paper’s results are stated at their actual strength,
without extension, what distinction do they establish, and what mathematical language
expresses that distinction without importing claims the evidence does not support? The
second is explanatory: what property of a pretrained transformer’s internal organization
might account for why effective repair directions appear to concentrate at intermediate
depth, and can that account be tested cheaply enough, and independently enough of
the paper’s own results, to be worth taking seriously rather than merely plausible? The
two questions are kept deliberately separate throughout, since conflating a description
of a phenomenon with a proposed mechanism for it is among the more common errors
in work of this kind, and the argument that follows is constructed so that an answer to
the second question, however it turns out, leaves the answer to the first intact.

2 The Empirical Result, Stated at Its Actual Strength

Zhang et al. train a single transformer layer under reinforcement learning while freez-
ing every other parameter in the network, and compare the resulting model against one
trained by ordinary full-parameter reinforcement learning [1]. Across seven models
spanning two model families, three reinforcement learning algorithms, and three task
domains, they report that a single layer trained in isolation recovers most of the per-
formance gain achieved by full-parameter training, and in a number of cases exceeds
it. The layers that recover the most improvement are not randomly distributed across
depth. They concentrate reliably in the middle third of the network, while layers near
the input and output ends recover substantially less. This concentration is stable under
three independent tests of generalization: across training datasets within a fixed model
and task, across a change of task domain from mathematical reasoning to multi-step
agentic decision-making, and across a simultaneous change of model family and opti-
mization algorithm.

Two further results in the paper narrow what this concentration can mean. First, the
magnitude of parameter change under full-parameter training is approximately uniform



across layers, while the magnitude of change under single-layer training is likewise ap-
proximately uniform across layers regardless of which layer is trained. Since neither
training regime shows middle layers moving further in parameter space than other lay-
ers, the concentration of contribution cannot be explained by middle layers simply re-
ceiving larger updates. Second, layers that achieve comparable aggregate performance
when trained in isolation do not converge on the same solution. Evaluated on Olympiad-
Bench, the seven highest-contribution layers of Qwen3-1.7B-Base show only thirty-four
percent mean pairwise overlap in the specific problems each newly solves relative to
the untrained base model, and a majority vote across these seven layer-trained models
outperforms both the best individual layer and a matched-size ensemble drawn from
repeated sampling of the full-parameter model.

What the paper does not establish is equally important to state plainly. Single-layer
training demonstrates that a layer is sufficient to carry most of the reinforcement learning
gain when every other parameter is held fixed; it does not demonstrate that the same
layer is the primary locus of adaptation when all parameters are free to move jointly,
since freezing the rest of the network changes the optimization problem being solved.
The paper offers no measurement of the geometric properties of the parameter sub-
spaces that different layers occupy — no assessment of dimension, curvature, or volume
— and its own authors describe the underlying explanation for the middle-layer concen-
tration as an open question. The result is therefore precise as a claim about where useful
adaptation is reachable under a specific constrained training regime, and it should not be
read past that without further argument.

3 What Kind of Result Is This?

Before introducing any formal apparatus, it is worth asking what kind of finding this is,
independent of the language in which it might eventually be expressed. The paper is
not, at bottom, a contribution to reinforcement learning efficiency, nor is it best read as
a claim about where a specific cognitive function such as reasoning resides. Its central
contribution is an existence proof of a distinction that is easy to state and easy to over-
look: the set of parameters whose modification is necessary for a system'’s forward-pass
behavior is not the same set as the parameters whose modification is useful for improving
that behavior under a training signal.

Prior work on layer importance in large language models has largely addressed the
tirst set. Studies that remove or ablate individual layers and observe the resulting col-
lapse in performance are measuring representational necessity: which components the
forward pass currently depends on. The present paper addresses a different question
entirely. It does not ask which layers the model currently needs in order to function;
it asks which layers, when given the opportunity to change, are capable of absorbing
a training signal to good effect. These two properties could in principle coincide, and
much prior work implicitly assumes that adaptation is distributed across the network
in rough proportion to representational importance. The paper’s finding is that this
assumption is false for reinforcement learning post-training: some of the layers most re-



sponsible for the model’s current competence are not the layers best suited to improving
it further, and a comparatively narrow, depth-stable band of the network accounts for
nearly all of the recoverable gain.

Four more specific distinctions follow from this reframing and will recur through-
out the remainder of this article. Forward-pass importance is not the same quantity as
adaptive usefulness, since a layer may be indispensable to current behavior while of-
fering a poor subspace for improving that behavior, or dispensable to current behavior
while offering an unusually good one. The magnitude of a parameter’s displacement
during training is not the same as the usefulness of that displacement, since the paper’s
own weight-change measurements show comparable movement across layers of very
different contribution. The location at which useful adaptation is concentrated is not
the same as the content of what gets learned there, since layers of nearly identical ag-
gregate contribution solve substantially different subsets of problems. And sufficiency
under a constrained training regime, in which most of the network is held fixed, is not
the same as necessity under an unconstrained one, in which every parameter is free to
move; the paper establishes the former directly and the latter only by inference.

It is worth stating plainly why the first of these distinctions should be expected to
hold rather than treating it as a surprising coincidence. Forward-pass execution answers
the question of which parameters participate in producing the model’s present behavior.
Reinforcement learning answers a different question: which parameter changes most ef-
ficiently alter that behavior while preserving the rest. These are not the same optimiza-
tion problem, and there is no theoretical reason they should identify the same regions
of parameter space. A parameter can be heavily implicated in the current computation
while offering, geometrically, a poor direction for improving that computation under a
gradient-based training signal; equally, a parameter that participates only lightly in cur-
rent behavior may nonetheless sit in a favorable position for absorbing a useful update.
Once this is granted, the paper’s central finding stops looking like an anomaly to be ex-
plained away and starts looking like the expected outcome of two genuinely different
questions being conflated by the assumption of uniform trainability.

Taken together, these distinctions suggest that the appropriate frame for interpret-
ing the paper is not one of locating a cognitive function within the network, but one
of characterizing how a system that already embodies a coherent, trained organization
responds differently to modification at different points within itself. That framing does
not by itself require any new mathematical apparatus. It does, however, motivate one:
if the useful question is not “which layer matters” but “which modifications at which
layers improve behavior without unraveling the organization the network already has,”
then the natural next step is to give that latter notion — modification that improves with-
out unraveling — a name and a working definition. That is the task of the section that
follows.



4 The Repair-Set Formalism

The distinctions drawn in the preceding section can be given a concrete mathematical
expression without committing to any account of why they hold. Let the full parameter
space of a transformer with L decoder layers be decomposed into layer-indexed blocks,
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where this decomposition is adopted solely because it matches the parameter groupings
Zhang et al. train and freeze, rather than because it is assumed to identify the trans-
former’s natural computational units. Let #(’) € © denote the pretrained parameter
point at which reinforcement learning begins. Throughout, J is written as a loss to be
minimized; an equivalent formulation for maximized reward follows by reversing the
inequality below. For a task objective .J, define a local repair set at tolerance ¢ and preser-
vation budget ¢ as

Res = {Ae : J(9<0> + AH) < J(9<°>) — &, Dpres (9<0> + AW, 9<0>) < 5} ,

where Dpyes is a damage function measuring disturbance to capabilities and structures
that should remain stable, and whose content is deliberately left unspecified for now.
The repair set collects every perturbation that improves task performance by at least ¢
while damaging the pretrained organization by no more than ¢§. Restricting attention to
a single layer gives the layer-specific repair set,

RY) = Res N{A0: A0 =0 for j # K},

the set of admissible repairs reachable by moving layer & alone.

This apparatus does no more than translate the paper’s own experimental design
into a common notation, but the translation is useful because it separates two quantities
that ordinary language tends to run together. A modification of the network is not eval-
uated here by how large it is, nor by whether it targets a layer the forward pass currently
depends on; it is evaluated by whether it lies in a set defined jointly by improvement and

preservation. The paper’s central empirical finding, in this language, is that Rik(s) differs
sharply in the density of empirically reachable repairs across k, and that this difference
tracks depth in a stable way despite tracking neither raw representational necessity nor
the magnitude of the displacement itself. The word “repair” is used throughout in this
technical sense — a modification satisfying the joint improvement-and-preservation cri-
terion — and not in the sense of restoring the network to some earlier or intended state;
a repair, here, adds a capability the pretrained model lacked while leaving the rest of
its organization largely undisturbed, rather than correcting a defect against a prior stan-
dard. The term preferred throughout this article for what a given layer offers is admissible
direction rather than any term implying a specific geometry, such as a low-dimensional
channel or subspace. The paper’s evidence supports the weaker claim: some layers make
available directions that satisfy the joint improvement-and-preservation criterion more
readily than others. It does not measure the dimension, curvature, or volume of the
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sets containing those directions, and adopting more specific geometric language would
claim more than the experiments show.

The formalism also clarifies why localized repair can outperform unrestricted joint
training, a pattern the paper reports directly: on several model scales, training only the
highest-contribution layers exceeds the performance of training every layer at once. Full-
parameter training searches over R. 5 as a whole, a much larger nominal space than any
single Rf:kg . If enlarging the movable set of parameters simply enlarged the reachable
set of good solutions, joint training could not be outperformed by training a strict subset
of the network. That it sometimes is outperformed indicates that the additional degrees
of freedom available under joint training are not uniformly useful, and that permitting
movement in layers whose repair sets are poor, small, or absent can degrade the outcome
relative to leaving those layers fixed. The negative result at layer zero of Qwen3-8B-Base
is a sharpened instance of the same pattern: training that layer in isolation does not
merely fail to help, it reduces performance below the untrained base model, indicating
that, under the tested optimization regime, the observed optimization trajectory for that
layer remained outside the empirically useful repair set despite improving the training
objective locally.

4.1 The Interaction Hierarchy

The repair-set formalism raises a further question that the paper’s single-layer experi-
ments cannot by themselves answer: whether repairs found at different layers are com-
patible with one another when combined. Three distinct versions of this question should
be kept separate, since they are answered by different experiments and license different
conclusions.

The first asks whether repairs obtained independently, under the isolation protocol
the paper already uses, compose without loss when summed. Given deltas Ag'*° and
AH;-SO obtained by training layers ¢ and j separately, and a scalar improvement measure
G relative to the pretrained model, define

[ = G(AGF° + APE) — G(AGP) — G(AF).

A negative value indicates that the two isolation-derived repairs interfere when applied
together. This quantity is inexpensive to obtain, since it requires only applying existing
checkpoint deltas in combination rather than any new training run.

The second asks the corresponding question of deltas as they actually arise during
joint training, rather than deltas obtained under artificial isolation. Given the updates
A@Olm(t) and AHJJ-Omt(t) that layers ¢ and j undergo at a given point in a joint training
trajectory, the analogous quantity

197 (6) = G (A6 (1) + 207 (1)) — G (A8 (1)) - G (A0 (1))

measures interaction along the optimization path the network actually follows when
both layers are free to move, which need not resemble the isolation-derived deltas at all.



The third and broadest question is whether jointly training layers ¢ and j reaches so-

lutions unavailable to either isolated search or to any combination of isolated endpoints:

N7 . .
R SR 0RE
where @ denotes a candidate compositional construction and is not asserted to be linear
or otherwise structurally simple. Several concrete candidates are available for what @
might mean in practice, and the choice among them is itself an empirical question rather
than a notational detail: the set of all convex combinations {aAf#; + (1 — «)Ab; : o €
[0,1]}, the single elementwise sum A#; + Af; already used in I;;O, or the set reachable
by sequential application of the two isolated repair procedures, training layer ¢ to con-
vergence and then layer j from that point. These need not coincide, and part of what
the reachable-set question asks is which, if any, of these constructions approximates
what joint training actually finds. This question cannot be settled by delta arithmetic
alone, since it concerns the reachable set under co-adapted optimization rather than the
properties of any fixed pair of deltas, and answering it requires comparing actual jointly
trained models against every interpolation and composition of the corresponding iso-
lated repairs.

These three levels are not substitutes for one another. A negative I leo demonstrates
only thatisolation-derived repairs do not combine cleanly; it says nothing about whether
joint training would discover compatible repairs by a different route. A positive I ;?mt(t)
throughout training would show that co-adaptation is not destructive along the realized
path without showing that the isolated repairs themselves were ever compatible. Only
the third question addresses whether the additional freedom of joint training expands
the effective repair set beyond what independent, single-layer search can reach, which is
the question the paper’s own comparison between full-parameter and selective training
ultimately turns on.

5 What Could Determine the Shape of These Repair Sets?

Everything argued to this point follows from the paper’s own measurements and re-
quires no further assumption about the internal workings of the network. The question
of why the repair sets Rik(s) differ across depth in the particular way they do is a sepa-
rate matter, and answering it requires a mechanistic hypothesis that goes beyond what
has been established so far. This section develops one such hypothesis. It is presented
as a conjecture throughout, and the repair-set formalism of the preceding section does
not depend on it: should the account offered here prove incorrect, the observations, the

terminology, and the interaction hierarchy remain intact.

5.1 Three Levels of Quantities

Before proposing an explanation, it is worth being explicit about the epistemic status of
the quantities involved, since interpretability work is prone to a specific error at this junc-
ture: treating an inferred explanatory variable as though it had been measured. Three
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levels should be distinguished. Layer contribution C'(k), as defined by the paper, is an
observed quantity, computed directly from evaluation scores under a specified training
protocol. The repair set Rikg is a derived quantity, a mathematical object introduced in
the preceding section to give a name to what C'(k) is implicitly measuring; it is not itself
observed, but it is determined once J, Dpres, €, and ¢ are specified, with membership in
it settled by evaluation rather than by any further assumption. Task-abstraction avail-

ability A(k) and preservation-compatible plasticity P(k), introduced below, are latent

explanatory quantities: theoretical constructs proposed to account for why Rékg differs
across k, which have not yet been operationalized and whose relationship to anything
observed remains to be established. These three levels should not be conflated. In par-
ticular, no experiment reported in the paper measures A(k) or P(k) in any form; any
claim about their behavior in what follows is a prediction to be tested, not a restatement
of existing evidence.

5.2 Iterative Refinement and the Product Hypothesis

The claim that transformer layers refine rather than replace their input representation
has an architectural precedent outside language models specifically. Jastrzebski et al.
show that residual connections naturally encourage the features produced by a residual
block to move along the negative gradient of the loss with respect to the block’s input,
formalizing the intuition that residual architectures perform iterative refinement of a
shared representation rather than constructing a sequence of unrelated ones [4]. This
is the architectural intuition borrowed here: that a transformer’s residual stream is best
understood as a single representation undergoing successive, bounded updates, rather
than as a chain of independent transformations. Their result is about residual networks
generally and establishes only that this refinement dynamic exists as a consequence of
the residual connection itself, not any claim about where in a network’s depth a partic-
ular kind of update becomes more or less available.

Interpretability work specific to transformers extends this picture empirically rather
than architecturally. The logit lens shows that when the hidden states at each layer of
a transformer are decoded through the model’s own output embedding, the resulting
predictions converge, roughly monotonically, toward the model’s final output as depth
increases [2]. The tuned lens refines this observation by fitting a learned affine correc-
tion at each layer, substantially improving the reliability of this intermediate decoding
across model families [3]. The contribution of this line of work is evidence that a trans-
former’s internal representations evolve coherently across depth — that intermediate
layers can be read as increasingly confident, increasingly output-like partial predictions
— rather than evidence about which layers are most amenable to modification under
training. Neither tool was designed to, nor has been used to, measure plasticity or repair-
compatibility of any kind.

Neither the residual-architecture literature nor the logit lens and tuned lens litera-
ture predicts that reinforcement-learning plasticity should peak at intermediate depth.
The former argues that representations are refined progressively through residual com-
putation; the latter provides methods for observing that refinement empirically in trans-



former models. Neither addresses, and neither should be read as addressing, the ques-
tion of where in that refinement process a parameter update is most likely to improve
behavior without unraveling the model’s inherited organization. The present hypothesis
combines these observations with the empirical findings of the reinforcement-learning
study under discussion to propose — not derive — that repair-compatible update di-
rections become most abundant at intermediate depth: early enough that the residual
stream still has substantial refinement ahead of it and can absorb a perturbation, but
late enough that the representation being perturbed is no longer tightly bound to token-
level surface form. This is offered as one candidate explanation motivated by, but not
established by, the cited literature, and its status as a conjecture rather than an extension
of prior results is the reason Section 5.4 proposes a test capable of falsifying it indepen-
dently of everything argued in Sections 2 through 4.
This suggests a schematic decomposition,

O(k) o A(k) P(k),

where A(k) denotes the availability of task-relevant abstraction at layer & and P(k) de-
notes preservation-compatible plasticity — the extent to which a change at that layer
can be absorbed by the remainder of the network without destabilizing its inherited or-
ganization. Neither factor need be unimodal across depth for their product to peak at
an intermediate layer: A(k) may rise monotonically with depth through some interior
region before saturating, while P(k) may fall monotonically once representations be-
come committed to output decoding, and the product of a rising and a falling quantity
peaks between them without either quantity itself doing so. This form is deliberately
schematic. It should be read as a proposal about which two properties might jointly
govern the shape of Rgf&), not as an empirically fitted law, and Sections 5.3 and 5.4 ad-
dress directly what would be required to treat it as more than a plausible narrative. The
multiplicative form itself is not theoretically privileged; it is adopted only as the simplest
separable hypothesis against which more complex interactions between A(k) and P(k)
may later be compared.

5.3 Operationalizing the Preservation Budget

The repair-set formalism left Dpres unspecified, noting only that it must measure distur-
bance to whatever should remain stable under repair. The mechanism proposed above
suggests a specific decomposition,

D pres — Abeh Dbeh + )\rep D rep + Aint Dinterfaces

where Dy, measures degradation on capabilities that the modification was not intended
to affect, Dyep measures the divergence of internal hidden-state representations from
those of the pretrained model, and Djyterface measures disturbance specifically to the
input-encoding and output-decoding conventions the rest of the network depends upon.
This decomposition is motivated entirely by the iterative-refinement account and should
not be mistaken for a mechanism-independent extension of the repair formalism: Dinterface



presupposes that input encoding and output decoding are the two loci whose distur-
bance matters most, which is precisely the claim the mechanism proposes rather than
one that follows from the formalism alone. The weighting coefficients Apen, Arep, and Aint
introduce a further difficulty: if they are chosen so as to make Dypyes track C(k) well, the
resulting agreement is manufactured rather than discovered. Any use of this decom-
position therefore requires fixing the weights by a criterion independent of the layer-
contribution results it might later be compared against. It is worth being precise about
what independence requires here: the out-of-distribution benchmark categories already
reported in the paper — Code, Reasoning, and Language — are themselves components
of the overall layer-contribution score Cyy;(k), and calibrating against them would not be
independent of C'(k) in the relevant sense, whatever the original rationale for selecting
those categories. A defensible calibration requires benchmarks that play no role in any
reported C(k) at all, held out specifically for this purpose.

5.4 A Falsifiable Base-Model Test

The strongest feature of this proposal is that both A(k) and P(k), as latent quantities,
admit operationalizations computable from the pretrained model alone, prior to and
independent of any reinforcement learning run. Task-abstraction availability can be ap-
proximated by the accuracy of a linear probe trained to decode task-relevant variables
— such as intermediate reasoning quantities or eventual answer correctness — from the
hidden states at layer £ of the untrained base model. Preservation-compatible plasticity
can be approximated by the sensitivity of the base model’s output to a small, fixed-norm
perturbation injected into the residual stream at layer &, with higher downstream sensi-
tivity indicating lower plasticity in the relevant sense. Because both measurements use
only the publicly available pretrained checkpoints already employed in the paper, they
require no new training and no access to the reinforcement learning infrastructure used
to produce C'(k).

Both operationalizations carry a specific limitation worth stating rather than leav-
ing implicit. Linear-probe accuracy measures linearly decodable information, which is
a narrower notion than task-relevant abstraction in general; a layer could carry abstrac-
tion that only a nonlinear probe would reveal, in which case A(k) as operationalized
here would understate it. Perturbation sensitivity, similarly, could be elevated for rea-
sons unrelated to plasticity in the intended sense — an unusually large activation norm
or an unstable local dynamic at a given layer could produce high measured sensitivity
independent of whether that layer offers good repair directions. Neither limitation is
fatal to the test, but both mean that a positive result should be read as consistent with
the proposed mechanism rather than as uniquely confirming it.

The resulting test has an unusually clean structure for a mechanistic hypothesis in
this area. The pretrained checkpoint is obtained; A(k) is measured by linear probing;
P(k) is measured by perturbation sensitivity; the product A(k)P(k) yields a predicted
ordering of layer contribution; and this ordering is compared against the C'(k) values
the paper already reports. A close correspondence would indicate that a property of
the pretrained model’s geometry, measurable before any reinforcement learning takes
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place, forecasts which layers will prove useful for reinforcement learning adaptation —
a nontrivial and useful finding in its own right. Even a strong correlation would estab-
lish only predictive value, not causal determination. It would remain possible that A(k),
P(k), and C(k) are jointly driven by some further property of pretrained-model geom-
etry — such as activation norm or attention-pattern entropy — that this article does not
attempt to measure. A poor correspondence would falsify the specific mechanism pro-
posed here without in any way disturbing the empirical result the paper reports or the
repair-set language used to describe it, since neither depends on the iterative-refinement
account being correct. This asymmetry — an inexpensive test capable of falsifying the
mechanism while leaving the formalism and the underlying data untouched — is what
recommends the hypothesis for inclusion here, whatever its eventual outcome.

6 Discussion

The interpretation offered in the preceding section can be stated more generally than it
has been so far. Reinforcement learning post-training does not begin from an undiffer-
entiated parameter space in which every direction of movement is equally available. It
begins from a pretrained point that already embodies a coherent, functioning organiza-
tion — one that solves a great many problems tolerably well before any reward signal is
applied. Optimization from that point is not free exploration of the full parameter space;
it takes place inside a pre-existing organization, and the character of that organization
determines, layer by layer, which modifications are available to be found at all. Some
directions of movement improve the target behavior while leaving the rest of the orga-
nization largely intact. Others improve the same measured objective while unraveling
structure the objective does not explicitly track, and the two kinds of direction are not
distinguishable from magnitude of movement alone, as the paper’s own weight-change
measurements show directly.

Once stated this way, the finding is not primarily a fact about transformers, layer
depth, or reinforcement learning specifically, though it is established here only for that
particular case. It is an instance of a more general distinction: the effective space of im-
provement available to a system is not the same as the formal space of modification tech-
nically open to it. A system with millions of nominally free parameters may nonetheless
offer only a narrow, unevenly distributed, and structurally located set of changes that
count as genuine improvement rather than disruption dressed as improvement. This
appears to instantiate the same distinction that separates a repair from a reconstruction
in any domain where a system'’s prior organization has value independent of the objec-
tive currently being optimized — in software maintenance, where a change that passes
the immediate test suite can still degrade the architecture it modifies; in evolutionary bi-
ology, where most mutations available to an organism are not viable regardless of how
large or small they are; in the rehabilitation of damaged systems generally, where restor-
ing function is a different problem from constructing function from nothing. The paper
under discussion offers a clean, quantified instance of this pattern inside a system pre-
cise and inspectable enough to measure it directly, which is what makes it useful as a
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case study beyond its immediate subject matter.

It is worth being clear about what this discussion does and does not claim to have
shown. It does not claim that middle transformer layers are where reasoning or any
other named cognitive capacity resides, a claim the paper’s authors themselves decline
to make. It does not claim that the mechanism proposed in Section 5 is correct; that
mechanism is offered as a testable conjecture precisely because its correctness is not yet
known. What the discussion does claim is narrower and better supported: that the pa-
per’s central empirical result is best read as evidence for a distinction between formal
and effective modification spaces, that this distinction can be given a precise mathemat-
ical expression independent of any account of why it holds, and that the same distinction
plausibly recurs wherever a training or design process modifies a system whose prior
organization was not built for the purpose of being modified.

7 Limitations and Proposed Experiments

Several limitations should be stated directly rather than left implicit. The repair-set for-
malism developed in Section 4 formalizes what the paper’s protocol already measures;
it does not by itself extend the paper’s evidence to any new regime, and the interaction
hierarchy it motivates has not been run. The base-model probe proposed in Section 5.4
has likewise not been run, and no claim in this article should be read as reporting its
outcome. The preservation budget Dpres, even before any mechanism-specific decom-
position is applied to it, remains without a validated operational definition; every quan-
titative claim involving ¢ in this article is illustrative rather than measured. Finally, the
account offered in Section 5 treats depth as the operative variable, following the pa-
per’s own presentation, but depth is confounded in a transformer with several other
properties — residual-stream norm, attention-pattern entropy, and training dynamics
that differ across layers for reasons unrelated to abstraction — any of which could turn
out to be doing the explanatory work attributed here to abstraction and preservation-
compatibility. This article also operates entirely at the level of layer blocks and does
not engage the separate literature on feature-level interpretability within a layer, such as
sparse-autoencoder work identifying individual interpretable directions within a layer’s
representation. That literature addresses a different question — which features exist ata
given depth, rather than which layer-blocks offer good sites for reinforcement-learning
adaptation — and integrating the two would require establishing a relationship between
feature-level and layer-block-level admissibility that this article does not attempt.
Three experiments follow directly from the argument above and are proposed as
the next stage of this case study rather than as results already obtained. The first is the
falsifiable base-model test of Section 5.4: measuring A(k) by linear-probe decodability
and P(k) by perturbation sensitivity on the publicly available pretrained checkpoints,
and comparing the predicted ordering against the C(k) values the original paper re-
ports. The second is the static-composability half of the interaction hierarchy, I ;;?O, com-
putable directly from the paper’s own checkpoint deltas without any new training run,
applied across pairs drawn from both high- and low-contribution layers to test whether
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the compatibility of isolated repairs itself varies systematically with contribution. The
third, requiring new training, is a small set of two-layer and multi-layer joint training
runs with intermediate checkpoints logged, permitting I Emt(t) to be measured along a
realized optimization trajectory and compared against both the isolated interaction term
and the reachable-set question posed in Section 4.1. Together these three experiments
would test the mechanism proposed here, the formalism’s own internal coherence, and
the relationship between constrained and unconstrained search that motivated the re-
pair framework in the first place — each capable of failing independently of the others,
which is the property that makes them worth running.
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