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Abstract

Deployed Al systems must adapt to changing
inputs, environments, user patterns, and operat-
ing constraints. Sustainable adaptation cannot
route every deployment failure to a single dom-
inant learner, since many failures are local, re-
current, and cost-sensitive. This paper proposes
organized plasticity, a systems-level methodology
that allocates durable adaptation across distinct
loci of change: input stabilization, skill compila-
tion, memory consolidation, and executive con-
trol. This organization enables systems to stabi-
lize poor observations before deeper inference,
compile repeated successes into cheaper routines,
retain reusable knowledge without broad retrain-
ing, and adjust routing or update policies with-
out perturbing task models. A compact feasibil-
ity evaluation in a dynamic-vision setting shows
that input stabilization, skill compilation, and ex-
ecutive control improve the accuracy-cost trade-
off in different ways while keeping the dominant
learner fixed. The results motivate evaluating con-
tinual adaptation by where durable change resides,
what it costs, and what collateral effects it creates,
rather than by final task performance alone.

1. Introduction

Deployed Al systems need continual adaptation, but the cost
of adaptation depends not only on what changes, but also on
where that change is retained. As inputs, environments, user
patterns, and resource constraints shift after release, systems
must correct behavior without repeatedly relying on larger
contexts, memory expansion, teacher calls, model editing, or
fine-tuning (Wang et al., 2024b; Packer et al., 2023; Gu et al.,
2024; Gupta et al., 2024). When local failures are routed
to one dominant corrective surface, triage becomes opaque,
recurring cases remain expensive, and adaptation turns into

! Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email @domain.com>.

Preliminary work. Under review by the ICML 2026 Workshop
“Continual Adaptation at Scale: Towards Sustainable AI”. Do not
distribute.

a retrain-redeploy loop rather than cumulative competence
(Sculley et al., 2015; Amershi et al., 2019; Kreuzberger
et al., 2023).

The key question is therefore not only whether deployed
systems can adapt, but where durable correction should
reside so that future behavior improves with minimal cost
and collateral risk. A degraded observation, a repeated low-
confidence success, a missing memory, and a poor decision
about when to escalate from a cheap local path to a higher-
cost reasoning path may all appear as task errors, but they
point to different corrective mechanisms. Some require
improved sensing or context formation, while others require
a reusable routine, a memory update, an escalation-policy
adjustment, or a broader model update.

We therefore frame post-deployment adaptation as a prob-
lem of localizing plasticity. Durable correction should occur
at the cheapest corrective surface that can address the fail-
ure under latency, compute, memory, communication, and
reliability constraints. Organized plasticity makes the lo-
cation of durable change explicit. The proposed scaffold
separates four loci of change: input stabilization for improv-
ing inputs or context, skill compilation for making recurring
cases cheaper, memory consolidation for retaining high-
value experience, and executive control for routing, escala-
tion, abstention, and update gating (McClelland et al., 1995;
Graybiel, 1998; Miller & Cohen, 2001; Yang et al., 2016).
Its role is to make post-deployment adaptation inspectable,
comparable, and testable under matched resource budgets.
A compact case study instantiates this scaffold, illustrating
how degraded observations, recurring cases, and unneces-
sary escalation can be handled by different corrective loci
without updating the dominant learner.

The main contributions are:

* Localization principle for cost-bounded continual adap-
tation, framing post-deployment change by where it re-
sides.

* Four-locus scaffold that separates adaptation by trigger,
persistence, budget, and collateral risk.

* Feasibility case study in a dynamic-vision setting that
illustrates how different failure sources can be handled by
different corrective loci, reported through accuracy and
higher-cost cloud-call rate.
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Figure 1. Four loci organize persistent change in cost-bounded Al systems. Functional roles map to four loci of plasticity, SN for
input stabilization, BGN for skill compilation, HCN for memory consolidation, and FPN for executive control. Each locus supports a
distinct kind of durable change, occupies a deployment tier from local to cloud, and is triggered by a characteristic failure pattern. Arrows
summarize the principal dependencies: SN conditions the signal consumed by downstream loci, FPN gates escalation from BGN to HCN
as well as broader update decisions, and HCN handling of recurring cases can be compiled into BGN routines.

2. Organized Plasticity

A locus of plasticity is any system element that can retain
experience-dependent change and alter future behavior, such
as a policy, memory store, routine, threshold, controller, or
learned module. Loci are distinguished not by implementa-
tion type, but by the kind of persistent change they support
and by the trigger, persistence, budget, and collateral effect
associated with that change. Organized plasticity localizes
post-deployment adaptation by asking where durable cor-
rection should reside. It differs from selective computation,
which asks where inference should go on the current episode
(Fedus et al., 2022; Snell et al., 2025). The focus here is
instead where persistent change should accumulate across
episodes.

2.1. Four Functional Loci

The four-locus scaffold makes this localization concrete.
It uses the brain as a functional reference, not a blueprint.
Biological intelligence separates adaptation into four bur-
dens, namely maintaining usable observations before deep
inference, turning repeated success into cheap routine, pre-
serving and consolidating experience as reusable knowl-
edge, and gating retrieval, escalation, inhibition, and learn-
ing itself (McClelland et al., 1995; Graybiel, 1998; 2008;
Miller & Cohen, 2001; Yang et al., 2016). These burdens
define four motifs: Sensory Network (SN) for input stabiliza-
tion, Basal Ganglia Network (BGN) for skill compilation,
Hippocampal-Cortical Network (HCN) for memory consol-
idation, and Frontoparietal Network (FPN) for executive

control. Figure 1 summarizes this mapping.

Input stabilization (SN) addresses failures caused by de-
graded observation or context quality. In physical systems,
it adjusts exposure, gain, viewpoint, or active sensing (Yang
etal., 2016; Baek et al., 2025; Choi et al., 2026); in language
and agent systems, it reformulates queries, filters retrieval,
or summarizes state (Packer et al., 2023).

Skill compilation (BGN) addresses repeated cases that
remain unnecessarily expensive. Converting a recurring
pattern into a routine, template, or local controller pre-
vents deployment from becoming repeated rediscovery. The
idea connects biological habit formation (Graybiel, 1998;
2008) with agent systems that reuse learned routines or
skills (Wang et al., 2024a).

Memory consolidation (HCN) addresses sparse or high-
value experience that should affect future episodes. Some ex-
periences remain episodic, some are abstracted into reusable
knowledge, and some eventually seed broader model up-
dates (McClelland et al., 1995; Varga et al., 2024; Dorovatas
et al., 2026). The dominant neural learner is one possi-
ble slow consolidation target inside HCN, not the default
destination for every correction.

Executive control (FPN) decides whether, where, and how
adaptation should occur, through routing, escalation, absten-
tion, update gates, and safety vetoes (Miller & Cohen, 2001).
This role is necessary because persistent change requires a
control policy for when to act locally, when to escalate, and
when to allow or block updates.
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Figure 2. Localized adaptation in a dynamic-vision case study. Eight physical target objects are classified under a dark-and-motion
shift, where an ImageNet-pretrained EfficientNet-Lite0 BGN classifier faces smartphone images captured from a moving platform rather
than stable static inputs. We report accuracy and HCN call rate, the latter measuring reliance on the higher-cost cloud-side recognizer,
Gemini-2.5-flash-lite. The three panels show localized corrections: SN improves acquisition, BGN compiles a recurring HCN-solvable
case into a feature-template routine, and FPN adjusts the BGN-confidence threshold to reduce unnecessary HCN calls.

2.2. Locus Composition and Auditable Correction

The four loci compose rather than act in isolation. Input
stabilization at the SN locus improves the signal consumed
by BGN and HCN, preempting downstream corrections that
degraded input would otherwise trigger. Skill compilation
at the BGN locus absorbs recurring cases that previously
required HCN, redirecting future episodes away from the
cloud and reducing the rate at which FPN must arbitrate
escalation. HCN-side consolidation can in turn seed BGN
templates, allowing a case first handled by deeper reasoning
to be compiled into a local routine after repeated success.
FPN coordinates these flows by controlling local acceptance,
escalation, abstention, and update gating.

This composition makes correction auditable because each
improvement can be attributed to a locus with a characteris-
tic cost and collateral risk. The same task accuracy may be
reached through different corrective loci, but the resulting
adaptation paths are not equivalent. A monolithic base-
line may recover performance through repeated prompting,
teacher calls, memory expansion, model editing, or fine-
tuning, but it often obscures where correction resides and
what it costs. An organized-plasticity system instead asks
which corrective locus recovers performance most cheaply
under constraints.

3. Feasibility Evaluation
3.1. Objective and Deployment Setting

This evaluation examines whether localized adaptation can
improve the accuracy-cost tradeoff under deployment shift.
The goal is not to prove that the four-locus scaffold is op-
timal, but to illustrate how different sources of mismatch
can be handled by different corrective loci rather than by
a single dominant learner. Figure 2 summarizes the three
localized adaptation experiments.

The task is object classification in a dynamic-vision set-
ting, building on the smartphone-based testbed introduced
by Choi et al. (2026). A smartphone-mounted camera ob-
serves tabletop objects from a moving small vehicle af-
ter shifting from stable visual conditions to dark, moving
conditions, where reduced illumination and motion blur
degrade recognition. The local path uses an ImageNet-
pretrained (Deng et al., 2009) EfficientNet-LiteO (Tan & Le,
2019) as the BGN classifier, while a higher-cost cloud-side
recognizer, Gemini-2.5-flash-lite (Comanici et al., 2025),
serves as HCN when escalation is needed. We report accu-
racy as task performance and HCN call rate as a proxy for
reliance on the higher-cost reasoning path. These shifts are
simple by design, but they capture a common deployment
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pattern: the same classification failure may admit different
lower-overhead corrections, including better sensing, local
routine formation, or a revised escalation policy.

3.2. Localized Adaptation Experiments

We organize the feasibility evaluation around three failure
modes and their localized corrections. Adaptation is re-
stricted to SN, BGN, and FPN, while HCN is kept fixed
because updating the dominant learner is the costly path.

Input stabilization (SN). The first failure mode is degraded
observation under dark and moving conditions. Default
auto-exposure (AE) often produces dim or motion-blurred
frames, reducing local recognition and increasing escalation.
Replacing AE with SN-controlled acquisition (SN) improves
the input before inference, allowing more cases to resolve
locally. Local BGN accuracy rises from 50.0% to 80.3%,
end-to-end accuracy with HCN fallback rises from 53.8% to
88.0%, and HCN call rate drops from 56.0% to 31.8%. This
illustrates the composition described in Section 2.2: input
stabilization at the SN locus preempts downstream load that
BGN and HCN would otherwise absorb.

SKkill compilation (BGN). The second failure mode is a
recurring local failure that HCN can solve. For the orange
class, AE-BGN achieves 16.0% accuracy, and SN-controlled
acquisition improves SN—-BGN only modestly to 24.0%, indi-
cating that input stabilization alone does not resolve the case.
In contrast, sending SN-stabilized inputs directly to HCN
yields a 92.0% accuracy upper bound (SN-HCN all). The
selective escalation path, SN-BGN-HCN, escalates 84.0%
of evaluation episodes to HCN and reaches 62.0% end-to-
end accuracy. On the escalated subset, HCN is correct in
73.8% of cases (SN-HCN call), but the remaining local
decisions are still dominated by BGN errors. We there-
fore compile the HCN-labeled orange representation into
a BGN-side feature template and classify future cases by
cosine similarity. This SN-BGN skil1l path eliminates
HCN calls for the compiled decisions and improves local
accuracy to 66.0%, showing how repeated cloud-handled
success can become a cheaper local routine.

Executive control (FPN). The third failure mode is unnec-
essary escalation on locally resolvable cases. The laptop
case in Figure 2 illustrates this pattern, while the results
average over all eight target object classes. Here, AE and
SN denote default auto-exposure and SN-controlled acqui-
sition with the original escalation rule, while AE-FPN and
SN-FPN add FPN-tuned gating. FPN adjusts the BGN-
confidence threshold to the range where HCN escalation
no longer changes the prediction because BGN and HCN
agree. Under AE, FPN reduces HCN call rate from 56.0%
to 7.0% with accuracy unchanged within noise, from 53.8%
to0 53.2%. Combined with SN, FPN reduces HCN call rate
from 31.8% to 11.5% while preserving 88.0% accuracy.

Thus, executive control removes unnecessary higher-cost
reasoning calls without changing the task model.

3.3. Analysis and Implications

The central feasibility result is that failures appearing as
the same classification error admit distinct lower-cost cor-
rections. Input stabilization at the SN locus improves what
the system observes, raising the accuracy ceiling while re-
ducing downstream HCN calls. Skill compilation at BGN
turns a recurring HCN-solvable case into a local routine,
shifting the cost frontier as the case repeats. Executive
control at FPN reduces unnecessary escalation by revising
the BGN-confidence threshold, without changing the task
model. Together, these results show that useful durable
correction need not occur in the dominant learner.

The remaining question is how to identify the cheapest locus
for durable change. Automatic locus triage could use failure
signatures to select the appropriate corrective surface, while
cross-locus promotion rules would determine when memory
becomes routine or when repeated input failures should trig-
ger control-policy changes. These mechanisms are needed
to make organized plasticity operate automatically under
deployment shift.

4. Conclusion

Cost-bounded continual adaptation is not only a scaling
problem, but also a problem of localizing durable change.
Rather than treating every post-deployment failure as a sig-
nal to update one dominant learner, organized plasticity dis-
tributes durable correction across input stabilization, skill
compilation, memory consolidation, and executive control.
In our feasibility evaluation, input stabilization recovered
much of the accuracy gap while reducing escalation, execu-
tive control cut cloud calls by roughly three to eight times
without measurable accuracy loss, and skill compilation
eliminated cloud calls for a recurring case with only a small
accuracy concession. HCN-side memory consolidation re-
mains outside this evaluation, but the scaffold clarifies when
such higher-cost adaptation is warranted: after cheaper loci
fail to correct the recurring mismatch.

The broader implication is methodological. The same task
accuracy can be reached through corrections with very dif-
ferent costs, and final task accuracy alone cannot reveal
which correction was used or whether a cheaper one existed.
We therefore suggest that adaptive-Al evaluations report
where durable change resides, what triggered it, how long
it persists, what it costs, and what prior competence it pre-
serves or damages. Making these quantities explicit allows
adaptive systems to be compared under matched resource
constraints and judged by whether they become cheaper,
safer, and more reliable across repeated deployment.
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