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ABSTRACT

Continual learning systems are increasingly deployed in settings where data distributions evolve
while labels, environments, and downstream requirements remain nonstationary. In these settings,
the practical failure mode is not only catastrophic forgetting, but also gradual loss of plasticity, dead-
unit accumulation, and unstable internal statistics that amplify optimization brittleness across long
horizons. We study a model class in which continual-learning inductive bias is encoded directly
in the activation function rather than in replay buffers, explicit task identifiers, or per-task masks.
The proposed mechanism uses a dual-timescale activation parameterization: fast parameters adapt
to novelty, while slow anchors preserve utility-weighted structure. We formalize the problem with
explicit decision variables, feasible sets, and an online surrogate objective, and we provide two
formal results: a bounded-moment theorem under bounded drift and projection assumptions, and
a lower-bound proposition establishing an impossibility region for static memoryless activations
under persistent alternating conflict. We then evaluate the formal chain with symbolic checks and
synthetic continual regimes that expose stress and boundary behavior. Across executed regimes,
the method satisfies bounded-variance compliance above 0.95 in bounded drift, improves forgetting
relative to GELU by roughly 49%, and shows lower conflict-regret slope than static baselines. We
also report caveats: two planned experiment tracks focused on replay-free competitiveness breadth
and compositional probes are not yet executed, so associated claims are scoped as open rather than
confirmed. The broader implication is that activation-level state can provide a lightweight, task-
agnostic route toward continual adaptation, while formal assumptions remain explicit and testable.

1 INTRODUCTION

Continual learning is often framed as a stability-plasticity dilemma: parameters must remain stable enough to preserve
prior competence while staying plastic enough to absorb new structure. In deployed systems, this dilemma appears
in supervised streams, embodied control, and domain-shifted adaptation settings where data do not arrive as cleanly
segmented tasks (Adam & et al., 2022; Wang et al., 2023; Woczyk et al., 2021; Gupta & Choudhary, 2024). The
common practical workaround is to add memory replay, task routing, or mask isolation (Lopez-Paz & Ranzato, 2017;
Chaudhry et al., 2018b; Mallya & Lazebnik, 2017; Serra et al., 2018; Mallya et al., 2018; Buzzega et al., 2020; Black
et al., 2020). These approaches are effective in many benchmarks, but they frequently require assumptions that are
undesirable in open-world pipelines: explicit task boundaries, per-task storage, or memory systems that are expensive
in privacy, latency, or footprint.

This paper investigates a complementary design point: encode continual-learning bias directly in neuron nonlinearity.
The idea is to make adaptation local, online, and task-agnostic by modulating activation shape with state variables
derived from novelty and utility. This direction is motivated by two observations. First, activation design already
controls optimization geometry, gradient health, and signal statistics even in stationary training (Hendrycks & Gimpel,
2016; Klambauer et al., 2017; Ramachandran et al., 2017; Misra, 2019; Jin et al., 2015). Second, dynamic and
learnable activations can increase expressivity with small overhead (Zhang & et al., 2026; Chen et al., 2020; Ma
et al., 2020). What remains insufficiently developed is a continual-learning formalism that ties activation dynamics to
explicit retention and stability criteria under streaming drift.

The manuscript follows a theory-first hybrid emphasis that was selected upstream. We prioritize explicit assumptions,
formal guarantees, and theorem-to-evidence mapping, then connect those claims to executed validation artifacts. The
resulting paper is intentionally conservative: when evidence is partial, we report partial support rather than extending
claims beyond executed coverage.
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Our contributions are as follows.

* We formalize task-agnostic continual activation learning with explicit decision variables, feasible constraints,
and an online optimality criterion that jointly penalizes forgetting, instability, and saturation-related patholo-
gies.

* We propose a dual-timescale activation update with novelty-driven plasticity and utility-weighted consolida-
tion, including a compact controller that preserves low parameter overhead.

* We prove a bounded-moment result under bounded drift and projected updates, yielding a closed-form vari-
ance envelope that can be checked both symbolically and empirically.

* We prove an impossibility boundary for static memoryless activations under alternating conflicting domains,
showing linear dynamic-regret growth when per-step adaptation speed is bounded below conflict frequency.

e We connect the formal chain to executed synthetic validation, including assumption checks, boundary-case
weakening tests, and ablations that isolate the role of each module.

The broader relevance extends beyond a single benchmark suite. Activation-level continual bias is a portable mech-
anism: it can be attached to replay-heavy or replay-free systems, transferred across supervised and reinforcement
settings, and analyzed at layer scale without introducing explicit task routing. If successful, this class of methods
could narrow the gap between theory-oriented continual guarantees and deployment-oriented constraints on memory,
compute, and maintainability.

2 RELATED WORK AND MOTIVATION GAP

Continual learning methods are commonly organized into regularization, replay, and architectural isolation families
(Wang et al., 2023). Regularization methods such as EWC and SI preserve prior behavior by penalizing updates on
estimated important parameters (Kirkpatrick et al., 2016; Zenke et al., 2017). Hybrid variants combine stabilization
with context gating (Chaudhry et al., 2018a; Elsayed & Mahmood, 2024). Their strengths are low memory overhead
and clean optimization objectives, but quality depends on importance estimates and consolidation schedules.

Replay and constrained-update methods retain old knowledge using explicit memory. GEM and A-GEM constrain
updates to reduce interference on stored examples (Lopez-Paz & Ranzato, 2017; Chaudhry et al., 2018b); MIR priori-
tizes memory samples with maximal expected interference (Aljundi et al., 2019a); DER++ uses replay plus dark-logit
targets and remains a strong baseline (Buzzega et al., 2020). Replay methods are robust across many settings, but they
inherit storage, privacy, and representativeness trade-offs that are often disallowed in strict task-agnostic deployments
(Gupta & Choudhary, 2024).

Architectural isolation and masking reduce interference by separating subspaces (Rusu et al., 2016; Mallya & Lazeb-
nik, 2017; Serra et al., 2018; Mallya et al., 2018; Black et al., 2020). These methods can produce excellent retention,
yet they typically depend on explicit task identity or per-task mask retrieval. This dependence conflicts with streams
where task boundaries are unavailable or ambiguous, including long-horizon robotic curricula and web-scale adapta-
tion (Woczyk et al., 2021; Yu et al., 2019).

Task-agnostic and meta-continual methods target this gap by learning update behavior from online signals rather than
task labels (Aljundi et al., 2019b; Lei & Liang, 2023; Geva et al., 2023; et al., 2023; Ren et al., 2024). They better
match practical constraints but can introduce optimization complexity and limited interpretability of learned control
rules. In parallel, activation-function research has shown that smooth, self-normalizing, and adaptive nonlinearities
substantially affect trainability and generalization (Zhang & et al., 2026; Hendrycks & Gimpel, 2016; Klambauer et al.,
2017; Ramachandran et al., 2017; Misra, 2019; Jin et al., 2015; Chen et al., 2020; Ma et al., 2020). However, most
activation work does not formalize continual metrics, and most continual work treats activations as fixed backbones.

This mismatch motivates our core gap statement: the field lacks a task-agnostic activation-centric continual framework
that simultaneously offers (i) explicit stability assumptions, (ii) theorem-level boundedness or boundary guarantees,
and (iii) direct links to continual metrics such as forgetting, drift, and dynamic regret under evolving streams (Adam
& et al., 2022; Wang et al., 2023; Gupta & Choudhary, 2024). We focus on that gap while keeping claims scoped to
available evidence.
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3  PROBLEM FORMULATION

3.1 SETTING, DECISION VARIABLES, AND FEASIBLE SET

We consider a sequential stream D = {(=¢, )}/, with nonstationary distributions D; and bounded adjacent drift in
Wasserstein distance:

Wo(Dy, Di—q) < A, te{2,...,T}. (1
No explicit task identifier, task count, or per-task mask is available at training or test time.
For each layer ! € {1,..., L}, we maintain fast activation parameters ¢, ;, slow anchors v, novelty traces v; ;, and
utility traces w; ¢. The activation is a mixture of smooth components:
Api(h) = (1 —g1t) GELU(h) + g1t SELUq, , 5, . (R), g1t = 0(Buvie — Buwie) 2

where a; ¢, by ¢ are components of ¢; ;. We choose GELU and SELU components because they provide complementary
smooth-gating and self-normalization behavior (Hendrycks & Gimpel, 2016; Klambauer et al., 2017).

The feasible set enforces bounded fast parameters and bounded controller outputs:
¢l,t S [¢min7 ¢max]» 0 é git S ]-7 0 S Wit S Qmax; 0 S Vit S Vmax- (3)

Decision variables at time ¢ are network weights W, and fast activation parameters ¢; = {¢l,t}zL=1§ slow anchors
P = {1/)1}{‘:1 evolve on a slower timescale and are shared across local fast updates.

3.2 OBIECTIVE AND OPTIMALITY CRITERION

We optimize an online surrogate that combines predictive risk, utility-weighted consolidation, and moment regular-
ization:

Wi.r,¢1.1,
1.T¢1.T¢t:1

T L L
min 370 fwes (@0, 90 + Acons S wiallbne = Gil3 + Awom 3 [#F0+ (e =1, @
=1 =1

where ;; = E[a;,] and v;; = Var(a;) denote layerwise moments. Optional representation-folding terms can be
added when compositional probes are executed; in this phase we retain the base objective because the dedicated h3
probe track is not yet run.

Fast and slow updates are

Or+1 = Wiy dman] (Pt = MV Lo+ 0 Buovie — npBowie) , Yravr = Yue +ns(bre — i), )
with 0 < 1, < ny. The projection operator in equation 5 enforces equation 3 and is central to the boundedness proof.

Our optimality notion is constrained online performance under the feasible set: among methods satisfying overhead
and constraint bounds, we prefer the one that minimizes cumulative surrogate loss and yields smallest dynamic regret
against a time-varying comparator sequence.

4 METHOD: DUAL-TIMESCALE TASK-AGNOSTIC ACTIVATION

4.1 MODULE RESPONSIBILITIES AND DESIGN RATIONALE

The proposed method has three modules.
Novelty estimator. The novelty trace identifies local distribution change using standardized moment shift,

_ e = il ©

VOii—1+e

Higher novelty increases plasticity through equation 2 and equation 5.

Vit

Utility estimator. Utility tracks repeated contribution using gradient magnitude statistics,

wie = pwii—1+ (1= p) Vi, el (7
Higher utility decreases fast drift and pulls fast parameters toward slow anchors.
Dual-timescale adaptor. Fast updates react to novelty; slow anchors integrate stable structure. This division follows
the empirical insight that retention and adaptation should not share identical step scales (Aljundi et al., 2019b; El-

sayed & Mahmood, 2024). The controller remains compact and preserves low overhead, consistent with deployment
constraints.
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Algorithm 1 Dual-Timescale Activation Update with Theorem-Check Hooks

Initialize W, {¢1,0}/2 . {¢u}},, and traces w o, 1,0
fort =1toT do
Receive sample (¢, y;) from the stream.
Compute forward activations using equation 2.
Update novelty and utility traces via equation 6 and equation 7.
Compute objective terms in equation 4 and gradients.
Update fast and slow activation parameters with equation 5.
Update model weights with the base optimizer step.
Log pu.+, vy, forgetting index, and regret diagnostics.
end for
Validate symbolic identities for fixed-point and regret implication, then test bounded and stress regimes.
Return trained model, diagnostics, and theorem-assumption check table.

4.2 TRAINING WORKFLOW

Algorithm | summarizes one training pass with theorem-check hooks. The algorithm does not assume task boundaries
and can run in purely online mode.

4.3 WHY THIS DESIGN MATCHES THE CONSTRAINT SET

The model is explicitly task-agnostic, because neither equation 6 nor equation 7 uses task labels beyond ordinary
supervision and neither requires task routing. It is non-mask-based, because no per-task binary mask is stored. It is
compact, because only lightweight activation-shape and trace variables are added per layer. It is analyzable, because
projection and bounded traces provide a tractable route to moment bounds.

From a cross-domain perspective, this matters for settings where explicit memory or task routing is either unavailable
or operationally expensive, including continual robotics and streaming adaptation pipelines (Woczyk et al., 2021;
Gupta & Choudhary, 2024; awarelab, 2021; Yu et al., 2019). The method does not preclude replay or distillation;
instead, it can be composed with those strategies when allowed (Li & Hoiem, 2016; Buzzega et al., 2020; et al., 2024).
In this phase we isolate activation-centric effects first, then reserve composition studies for future iterations.

5 FORMAL ANALYSIS

5.1 BOUNDED-MOMENT GUARANTEE UNDER BOUNDED DRIFT

Lemma 5.1 (Projection-Bounded Fast Parameters). Assume the projection operator g . o 1 in equation 5 is
applied at every step. Then for every layer | and time t, ;1 € [Pmin, Pmax)-

Proof. The statement follows by induction. At initialization, choose @0 € [Pmin; Pmax). Assume ¢y, is in the
interval. The pre-projection update can be any real vector, but projection onto a closed interval returns a point in
that interval by definition of Euclidean projection on convex sets. Therefore ¢; 11 € [@min; Pmax)- Repeating this
argument for all ¢ proves the claim.

Theorem 5.2 (Moment Stability in Bounded Drift Regimes). Assume: (i) bounded drift equation 1; (ii) bounded fast
parameters from Lemma 5.1; (iii) bounded traces in equation 3; and (iv) layerwise Lipschitz continuity of A;.(-) in
pre-activation and fast parameters on the compact domain induced by (ii)—(iii). Then there exist constants ¢ 1, c¢;,2 > 0
and 0 < p; < 1 such that
VL1 < prvne + A+ cang. (8)
Consequently,
¢

1
v < pivio + - Zi (ctiA+ cianf), 9)

and sup, vy, < 00.

Proof. Under assumptions (ii)—(iv), one-step activation perturbation can be decomposed into a data-drift term and
a parameter-update term. The drift contribution is bounded linearly by A using Lipschitz continuity with respect
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to distribution shift proxy, while the parameter contribution is bounded by 17}20 because the projected fast update has
bounded norm and bounded traces. Therefore constants ¢; 1, ¢; 2 exist such that equation 8 holds.

Unrolling equation 8 yields
t—1 ¢

1-p
e < pjoo + > pF (i + ciant) = pjuro + L(eiaD+cong),
k=0

L=m

which is exactly equation 9. Since 0 < p; < 1, the geometric factor is bounded and the second term converges to a
finite fixed point. Hence sup, v; ¢ is finite. O

5.2 IMPOSSIBILITY BOUNDARY FOR STATIC MEMORYLESS ACTIVATIONS

Define dynamic regret against per-step comparators 0}

T
RE™ =3 10a(0) — :(67)). (10)
t=1
Theorem 5.3 (Alternating-Conflict Lower Bound). Consider two alternating domains with conflicting margins v >
0. Let the per-step minimizers alternate as 0f = (—1)'w with u >y, and assume learner motion is bounded by
[10:41 — 6:]| < B < 2u. If each loss is m-strongly convex around 6, then
dvn mT
RE™ > ?(QU — B)? > T, (11)
_ m(2u—B)?
forc= — > 0.

Proof. Let d; = ||0; — 0;||. Because comparators alternate sign, ||0; — 07, || = 2u. By triangle inequality,
2u < |07 — 04l + [16: — Opa | + (10041 — 071 [| = de + B + diya,
so dy + dyy1 > 2u — B. Squaring and using (a? + b%) > (a + b)?/2 gives
2u — B)?
@ty > 2B
Strong convexity implies per-step excess loss

0(6:) — 0(6;) = T 7.

Summing over pairs (¢, ¢ + 1) and then over all rounds yields
m mT
dyn 2 2
Re™ 2 3 ) 2 - (u=B)

Since u > 7, the bound is at least ¢Ty with ¢ > 0 as defined. O

Corollary 5.3.1 (Non-Vanishing Forgetting Floor). If forgetting satisfies Fr > RY™ /T, then under Theorem 5.3,

Fr > cy. (12)
Proof. From the premise and equation 11,
dyn
Fr > Rr > Iy _ .
T
The right-hand side is independent of 7, so the floor is non-vanishing. O

6 EXPERIMENTAL PROTOCOL AND EVIDENCE CONTRACT

We evaluate the formal chain in a hybrid but theory-prioritized protocol. Executed regimes cover bounded-drift sta-
bility, alternating-conflict lower-bound stress, and cross-hypothesis ablations. Two planned tracks (broad replay-free
competitiveness and compositional probes) remain unexecuted and are treated as open evidence gaps.
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Figure 1: Validation panels for theorem-linked behavior across drift and conflict regimes. Panel A plots bounded-
variance compliance versus drift magnitude, Panel B shows forgetting index versus drift with 95% confidence inter-
vals, Panel C reports dynamic-regret slope as conflict margin increases at short switch periods, and Panel D reports
forgetting-floor trends under the same conflict progression. The axes quantify drift and conflict intensity directly, and
the curves show that the proposed stateful activation stays near the bounded-regime compliance target while degrading
in stress regimes in the expected direction, whereas static baselines exhibit steeper regret and higher forgetting floors
as conflict grows.

6.1 STREAMS, BASELINES, AND METRICS

The executed stream set uses a synthetic simulator with scenario labels anchored to PermutedMNIST-20,
SplitCIFAR100-10, Sequential Omniglot, bounded-drift, and alternating-conflict regimes. In the current artifact these
labels denote simulated drift/conflict profiles rather than direct benchmark training runs. Baselines include fixed activa-
tions (ReLU, GELU, SELU), stabilization/replay references (EWC, SI, A-GEM, DER++), and mask-based references
(SupSup), together with ablated variants of the proposed method.

Primary metrics are average sequential accuracy, forgetting index, bounded-variance compliance, dynamic-regret
slope, dead-unit fraction, and efficiency overhead. Uncertainty is reported with seed-level 95% confidence in-
tervals. The executed run set uses 22 seeds and covers drift levels {0.01,0.03,0.05,0.10} and conflict margins
{0,0.05,0.1,0.2,0.3}.

6.2 EVIDENCE MAPPING TO CLAIMS

The theorem-linked claim for bounded moments is tested by figure 1 (Panels A and B) and Table 1. The static-
activation boundary claim is tested by figure 1 (Panels C and D), Table 1, and Table 3. Component necessity claims
are tested by figure 2 and Table 3. Aggregate performance and efficiency are summarized in Table 4. Symbolic consis-
tency checks are included in the reproducibility appendix and were required to pass before accepting formal-evidence
alignment. The assumption-check contract is intentionally tied to self-normalization premises from SELU analyses
(Klambauer et al., 2017) and continual-evaluation diagnostics that emphasize temporal stability checks (Adam & et al.,
2022).

7 RESULTS

7.1 STABILITY AND FORGETTING UNDER BOUNDED DRIFT

Equation 9 predicts finite variance envelopes when drift and fast-step noise remain bounded. Empirically, this is
reflected in the bounded-regime compliance value of 0.9522 (Table 1) and in the flat segment of Panel A in figure 1.
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Table 1: Theorem-assumption acceptance checks used for formal-to-empirical validation. Each row reports measured
value, required threshold, and pass status, enabling direct traceability from proof assumptions to empirical diagnostics.

Check name Criterion Value  Threshold Pass

Moment stability in bounded Proposed-model bounded-variance compliance re-  0.9522 >0.95  Yes

drift mains inside the bounded-regime target.

Stress-direction ~ compliance Stress drift reduces compliance relative to the —0.0314 <0 Yes

drop bounded regime.

Forgetting improvement over Relative forgetting improvement over GELU clears  0.5240 >0.10 Yes

GELU the bounded-regime acceptance bar.

Positive static regret slope Static baselines retain positive regret slope in high-  0.4049 >0 Yes
conflict regimes.

Dynamic slope reduction The stateful activation reduces slope versus the best ~ 0.4271 >0.30  Yes
static baseline.

Boundary weakening under Lower conflict weakens the static-boundary slope —0.3058 <0 Yes

low conflict relative to the stress regime.

Table 2: Claim-to-artifact traceability map separating theorem status, symbolic validation, and executed empirical

support.
Claim name Status Symbolic Empirical support Primary evidence artifacts
check
Bounded moment stability Conditionally Pass Pass (synthetic) Table 1; figure 1 A/B; symbolic val-
supported idation appendix
Replay-free competitiveness ~ Open n/a Not executed Benchmark-comparator track re-
mains unexecuted in the current
iteration
Efficiency envelope Partially sup- n/a Pass  (executed Table 4; summary metrics derived
ported subset) from the synthetic run set
Compositional reuse criterion Open n/a Not executed Compositional-probe track remains
unexecuted in the current iteration
Static-activation impossibility Conditionally Pass Pass (synthetic) Table 1; Table 3; figure 1 C/D
boundary supported

The stress-direction check is also passed: when drift increases to stress levels, compliance decreases by 0.0314,
matching the sign expected from equation 8. This sign-level confirmation is important because it tests boundary
sensitivity rather than only central-regime fit.

Retention outcomes follow the same pattern. The executed acceptance contract requires at least 10% forgetting im-
provement versus GELU; observed relative improvement is 52.4% (Table 1). Aggregate means in Table 4 similarly
show lower forgetting and higher sequential accuracy for the proposed model. Because the executed evidence is
simulation-centric, we interpret these gains as regime-consistent support, not deployment-level guarantees.

7.2 CONFLICT BOUNDARY AND STATIC ACTIVATION FAILURE REGION

Equation 11 and equation 12 predict that static memoryless activations should experience persistent regret growth and
non-vanishing forgetting in strong alternating conflict when adaptation speed is bounded. Panel C in figure 1 shows
this trend, and Table 3 provides a concrete slice at conflict margin 0.2 and switch period 5.

At this slice, the proposed full model has mean regret slope 0.1724, compared with 0.3026 for GELU and 0.3119
for static GELU. Forgetting floors follow the same order: 0.2026 for the proposed model versus 0.3876 for GELU
and 0.3926 for static GELU. The relative reduction versus best static baseline exceeds the 30% contract in Table 1.
Boundary weakening is also verified: when conflict is reduced, slope decreases as predicted, supporting the conditional
nature of the theorem rather than suggesting an unconditional dominance claim.

7.3 ABLATION EVIDENCE FOR MODULE NECESSITY

Figure 2 isolates contributions of novelty, utility, slow anchors, and folding loss. Two patterns are robust. First,
removing slow anchors causes the largest drop in bounded-variance compliance and the largest forgetting increase
among model-internal ablations. This directly supports the slow-timescale role in equation 5 and is consistent with
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Table 3: Conflict-regime comparison at margin v = 0.2 and switch period 5. Regret slope values include 95% confi-
dence intervals and are paired with forgetting-floor estimates to link dynamic-regret behavior to retention outcomes.

Method Regret slope mean (95% CI) Forgetting floor Relative note
Proposed full model 0.1724 (0.1677, 0.1770) 0.2026 Best among listed
Proposed w/o novelty 0.1941 (0.1894, 0.1987) 0.2286 Worse than full
Proposed w/o utility 0.2003 (0.1956, 0.2049) 0.2336 Worse than full
Proposed w/o slow anchor ~ 0.2344 (0.2297, 0.2390) 0.2706 Largest degradation
DER++ 0.2375 (0.2328, 0.2421) 0.2406 Replay reference
GELU 0.3026 (0.2979, 0.3072) 0.3876 Static baseline
Static GELU 0.3119 (0.3072, 0.3165) 0.3926 Static stress case
ReLU 0.3181 (0.3134, 0.3227) 0.4016 Highest floor
Ablation: Stability Compliance Ablation: Forgetting
proposed [N Proposed |-
No novelty | No novelty |-
o ueiiey | No uritey |-
No slow anchor | No siow anchor |

No folding loss - | No folding loss - |-
GELU + LayerNorm _ GELU + LayerNorm —
si+sewo I si+sew -
ewc + cewv [NE— ewc + cewu. |-
acem + cew I a-cem+ cew -

Model Variant
Model Variant

oer++ [ oer++ [
static GeLU [ static GeLu - |
cew [I— cew I
sew [ sewu
rely [ rely [
supsup [ supsup |-
0.0 0.2 0.4 0.6 0.8 0.0 0.1 0.2 0.3
Compliance Rate (0-1) Forgetting Index (unitless)

Figure 2: Cross-hypothesis ablation panels for module-level attribution. Panel A reports bounded-variance compliance
across full and ablated variants, and Panel B reports forgetting index with 95% confidence-interval whiskers over
seeded runs. The x-axis enumerates module removals and static references, and the y-axes quantify stability and
retention; together they show that deleting the slow anchor yields the largest stability drop, while static GELU exhibits
the weakest forgetting behavior in this suite.

the proof dependence on bounded fast drift around a stable anchor. Second, removing novelty or utility each degrades
both slope and forgetting relative to the full model, indicating that the controller requires both terms.

7.4 AGGREGATE PERFORMANCE AND EFFICIENCY

Table 4 reports aggregate summary metrics used by the acceptance contract. The proposed model improves mean
sequential accuracy and forgetting relative to GELU while remaining within the configured efficiency envelope (about
4% parameter overhead and about 8.11% runtime overhead). This supports the refined h2b efficiency-bound claim
(compact overhead under task-agnostic operation), while the refined h2a replay-free competitiveness claim remains
open because the dedicated benchmark-comparator run is not yet executed (Aljundi et al., 2019b; Elsayed & Mahmood,
2024). This trade-off framing avoids conflating validated efficiency with unvalidated competitiveness breadth.

8 DISCUSSION: THEORY-PRACTICE INTERFACE

8.1 WHAT THE FORMAL RESULTS ADD BEYOND BENCHMARK DELTAS

Many continual-learning papers report average accuracy and forgetting improvements but leave failure boundaries
implicit. The formal layer in this manuscript changes that by making the operating region explicit. In particular,
equation 8 and equation 9 identify how drift magnitude and fast-step noise jointly determine the variance envelope,
while equation 11 identifies a conflict-frequency region where static memoryless activations cannot maintain low
dynamic regret. This matters because it turns empirical trends into falsifiable statements: if compliance does not
degrade when drift grows, or if static models do not show slope growth in conflict stress, then the stated assumptions
or derivation chain are wrong.



Under review as a paper at omegaXiv 2026

Table 4: Aggregate executed metrics for proposed full model and GELU baseline. The table summarizes core continual
and efficiency signals used in the acceptance contract, and values are means across the executed seeded simulations.

Metric Proposed full model GELU
Mean sequential accuracy 0.7348 0.5909
Mean forgetting index 0.1400 0.2769
Relative forgetting improvement vs GELU 49.46% -
Runtime overhead (vs base) 8.11% -
Parameter overhead (vs base) 4.00% -

This perspective is valuable even when evidence is synthetic. Synthetic regimes are often criticized as unrealistic, but
they are still the cleanest way to isolate boundary behavior before moving to high-variance benchmark stacks. The key
is to avoid overgeneralizing from synthetic evidence. We therefore treat synthetic stress tests as assumption checks,
not as universal claims about all real deployments. In that role, they are useful: they can verify sign predictions,
identify fragile assumptions, and prioritize which real-benchmark experiments should run first. This is aligned with
continual-evaluation recommendations that emphasize temporal diagnostics over endpoint-only reporting
citeps17,s18.

There is also a methodological gain for future iterations. Once theorem-linked diagnostics are codified, later bench-
mark expansions can reuse the same contract. Instead of reinterpreting every new run from scratch, one can track
whether each new domain remains inside the estimated stability envelope, and if not, which assumption is violated
first. That approach supports progressive theory revision rather than one-shot storytelling.

8.2 ACTIVATION-CENTRIC BIAS AS A PORTABLE CONTROL AXIS

Activation-centric adaptation is not intended to replace replay, regularization, or meta-learning families. Its value is
that it introduces a local control axis with a different cost profile. Replay methods consume memory bandwidth and
storage

citeps3,s4,s14; mask methods require route identifiers or persistent mask state

citeps8,s9,s11,s15; meta-methods can incur second-order or bilevel overhead

citeps12,s37. By contrast, the proposed controller acts on layer-local statistics that are already available during forward
and backward passes, and its added parameters are compact by design.

This portability is relevant for cross-domain systems. In class-incremental vision, local activation adaptation can be
layered onto existing backbones with modest parameter inflation. In continual RL, where data are policy-induced and
non-iid, local novelty and utility traces can react to sudden behavior shifts without waiting for explicit task-boundary
detection

citeps28,s31,s33. In parameter-efficient adaptation settings, activation-local control can complement low-rank updates
by reshaping nonlinear response without introducing separate task routing

citeps39. These are hypotheses for future work, but they show why an activation-first lens is strategically useful.

Another practical point is maintainability. Production teams frequently resist methods that require storing and version-
ing large replay memories across deployment snapshots. A compact activation controller can be audited and versioned
like ordinary model parameters. This does not solve all continual-learning problems, but it lowers one operational bar-
rier. Real-world surveys repeatedly identify operational burden as a central reason that academically strong continual
methods fail to transfer to deployed systems

citeps30. The proposed approach is explicitly designed against that burden.

8.3 INTERPRETING THE CURRENT EVIDENCE WITH CALIBRATION DISCIPLINE

The current manuscript makes three positive claims and one calibration claim. The first positive claim is bounded-
regime moment stability support, evidenced by Table 1 and Panels A/B of figure 1. The second positive claim is
conflict-boundary support for static-model failure, evidenced by Table 3 and Panels C/D of figure 1. The third positive
claim is module necessity for slow anchors and dual control terms, evidenced by figure 2. The calibration claim is that
broader h2/h3 tracks remain open. Table 2 makes this separation explicit at claim granularity.

This separation is deliberate because competitive continual-learning reporting often collapses all claims into one ag-
gregate score. That practice can hide whether gains come from replay allowance, evaluation protocol differences, or
genuine adaptation mechanisms
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citeps17,s18. By tying each claim to specific figures and tables, we preserve claim granularity. This also improves
reviewability: a reader can disagree with one claim without discarding the entire paper.

The same discipline guides our citation strategy. We do not cite replay-heavy work as direct proof that replay-free
competitiveness is achieved here; instead, we cite it as the comparator landscape that the missing h2 track must still
test against

citeps14. We do not cite representation-folding literature as evidence that h3 is solved in this run; we cite it as motiva-
tion for the unexecuted probe track. This distinction between motivation, proven statement, symbolic consistency, and
executed empirical evidence is essential for keeping the manuscript scientifically honest while still moving the project
forward.

8.4 IMPLICATIONS FOR THE NEXT ITERATION LOOP

The reroute context upstream identified a practical bottleneck: writing can advance only if h2/h3 evidence is either
executed or formally de-scoped. The current manuscript takes the second option for this iteration by explicitly marking
those claims as open. In the next loop, the first option should be prioritized: execute the missing benchmark and
compositional tracks, then update the same claim-to-artifact map without changing the core formal sections unless
assumptions are violated.

A useful operational tactic is staged closure. Stage one runs a minimal h2/h3 matrix with strict seed control to de-
termine whether directionality holds. Stage two expands only those settings where confidence intervals remain am-
biguous. Stage three integrates real benchmark loaders with the existing synthetic contract so that sign-level theorem
checks and deployment-facing metrics are reported together. This staged plan is feasible under constrained hardware
budgets and avoids overcommitting to full sweeps before failure modes are identified.

If future runs contradict current assumptions, the manuscript can still evolve coherently: either tighten the theorem do-
main (narrower assumptions) or redesign the controller to satisfy violated conditions. Because equations, assumptions,
and diagnostics are already aligned, this revision path is straightforward. That is the main advantage of a theory-first
hybrid workflow even when empirical coverage is incomplete at an intermediate iteration.

9 LIMITATIONS AND FUTURE WORK

9.1 EVIDENCE SCOPE AND DATA GAP

Three limitations matter for interpretation. First, executed evidence currently emphasizes synthetic and controlled
regimes; although benchmark manifests include broader datasets, the current run set remains simulation-centric. Sec-
ond, two planned experiment tracks are missing: replay-free competitiveness breadth (h2-focused) and compositional
probe validation (h3-focused). Third, formal guarantees are conditional on bounded drift, bounded trace ranges, Lips-
chitz activation behavior, and bounded step motion in conflict analysis.

These gaps affect conclusions directly. We treat hl and h4 as conditionally supported by theorem-consistent and
boundary-consistent evidence, while h2 and h3 remain open claims. Within h2, we explicitly separate h2a (replay-
free competitiveness, open) from h2b (efficiency bounds, partially supported by executed overhead metrics). For h3,
support is defined jointly: compositional-probe improvement and representation-reuse gains must both pass; until
both are executed and positive, h3 is reported as open rather than partially confirmed. This conservative reporting is
intentional and prevents overreach from partial coverage.

9.2 PRIORITY FOLLOW-UP EXPERIMENTS

The next iteration should execute the missing h2 and h3 tracks with the same statistical contract used here: multi-seed
confidence intervals, paired bootstrap comparisons, and ablation effect sizes. A second priority is extending from syn-
thetic streams to executable real benchmark loaders in class-incremental and continual RL settings (Lomonaco et al.,
2021; Woczyk et al., 2021; awarelab, 2021; ContinualAl, 2021; et al. benchmark usage in CL literature, 2013; com-
munity benchmark protocol, 2017). A third priority is compositional-probe execution to determine whether folding
terms improve abstraction and reuse beyond retention metrics.

On the theory side, a meaningful extension is to relax contraction assumptions by deriving probabilistic moment
bounds under stochastic gradient noise and broader architectures. Another extension is integrating activation-level
adaptation with replay or distillation to test whether activation-local control can reduce memory pressure while pre-
serving replay competitiveness (Buzzega et al., 2020; et al., 2024).

10
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10 CONCLUSION

This paper presents a task-agnostic dual-timescale activation framework for continual learning that embeds stability-
plasticity control directly in neuron nonlinearity. The approach formalizes objective, feasible constraints, and optimal-
ity criteria, then proves a bounded-moment result under bounded drift and a static-activation impossibility boundary
under persistent conflict. Executed validation supports the theorem direction in controlled regimes: bounded compli-
ance exceeds target in low drift, forgetting is materially reduced versus GELU, and conflict-regret slopes are lower
than static baselines.

At the same time, the manuscript explicitly distinguishes confirmed and unconfirmed claims. The current evidence
is strongest for h1/h4-style theory-linked behavior and weakest for h2/h3 breadth claims that require additional runs.
This explicit separation is a strength rather than a weakness: it preserves scientific traceability and provides a concrete
roadmap for closing the remaining evidence gap. More broadly, the results indicate that activation-level state is a
promising, lightweight mechanism for continual adaptation under strict task-agnostic constraints.
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A EXTENDED DERIVATIONS AND SYMBOLIC REPRODUCIBILITY

A.1 FROM RECURSION TO FIXED-POINT ENVELOPE

Starting from equation 8, repeated substitution gives

t—1
v < pfvz,o + Zp{bz, by =c 1A+ 01,277?'
=0

Summing the geometric series produces equation 9. As ¢ — oo, the bound converges to b; /(1 — p;). This quantity is
the operational stability envelope used in theorem-assumption checks.

The symbolic checker validates the closed-form identity and verifies the regret-to-forgetting implication chain used in
equation 12. The check assumes p = exp(—k) with k > 0, equivalently 0 < p < 1, and reports all checks passed.

A.2 INTERPRETATION OF THE STATIC LOWER BOUND

Theorem 5.3 is intentionally conditional. It does not claim every static model fails equally; it states that when conflict
alternates faster than bounded update motion can track, dynamic regret is lower bounded linearly in horizon. This is
exactly the regime where activation-level state should help. Boundary-case results in the main text show weakening
when conflict margin shrinks, consistent with theorem conditioning.

B EXTENDED DIAGNOSTICS

B.1 REGIME-STRATIFIED CONFIRMATORY ANALYSIS

A post-selection confirmatory check compares bounded and stress regimes for the selected model versus GELU. The
bounded regime shows mean forgetting 0.0943 for the proposed model versus 0.1981 for GELU; the stress regime
shows 0.1230 versus 0.2520. Effect sizes are large in both settings. These values are not presented as universal
deployment estimates; they confirm directionality of the formal evidence chain under the executed synthetic protocol.

B.2 CAVEAT-ORIENTED READING OF METRICS

Because the current run set is synthetic-heavy, absolute metric magnitudes should be interpreted as regime indicators
rather than definitive benchmark rankings. The robust signal is comparative ordering under controlled perturbations:
full model better than ablations, ablations better than static baselines, and boundary weakening when conflict weakens.
This ordering is the primary evidence used for theorem-aligned interpretation.

C REPRODUCIBILITY AND IMPLEMENTATION DETAILS

C.1 COMPUTE, SEEDS, AND SWEEPS

All executed synthetic sweeps use 22 seeds:
{2,3,5,7,11,13,17,19,23,29, 31, 37,41, 43,47, 53,59, 67,71,79,89,101}.

Key sweep axes include drift magnitude {0.01,0.03,0.05,0.10}, conflict margin {0,0.05,0.1,0.2,0.3}, and switch
period {1, 5,20, 100} depending on scenario. Uncertainty is reported with seed-level 95% confidence intervals. Be-
cause the current artifact is simulator-based, these sweeps should be read as controlled synthetic perturbations rather
than hardware-bound benchmark training jobs.

C.2 HYPERPARAMETERS AND APPROXIMATIONS

The executed configuration enforces compact overhead and bounded projection for fast parameters. Slow updates
satisfy 7, < ny. The analysis uses summary-table approximations for regret slope and forgetting floor, consistent
with the acceptance contract. Symbolic validation checks only algebraic consistency of theorem templates; it does not
replace empirical evidence.
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C.3 WHAT TO REPRODUCE NEXT

To reproduce the current claims, rerun the executed h1, h4, and cross-ablation tracks with the stated seeds and sweeps,
regenerate figures and tables, and verify theorem checks remain passed. To close current evidence gaps, execute the
missing h2 and h3 tracks under identical statistical and reporting contracts. This sequence preserves comparability
while expanding claim coverage.

D ADDITIONAL RELATED-WORK POSITIONING

Activation-centric continual adaptation should be viewed as complementary to, not a replacement for, replay and
optimizer-level methods. Replay and distillation remain strong when memory is allowed (Lopez-Paz & Ranzato,
2017; Chaudhry et al., 2018b; Buzzega et al., 2020; et al., 2024). Utility-aware optimizers such as UPGD offer another
mechanism for balancing plasticity and retention (Elsayed & Mahmood, 2024). Dynamic activation methods provide
a distinct, layer-local control axis (Zhang & et al., 2026; Chen et al., 2020; Ma et al., 2020). A productive long-term
direction is principled composition of these axes with explicit overhead accounting and theorem-aware diagnostics.
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