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Hepiinyn

To vevpwvikd diktva cuviBwg exmaidevovtal pe Pdon piog otabepng apy ITEKTOVIKNG,
TopOLO  TOV  MOAAOL  amd TOVG VELPMVEG TOVG UmOopel  oTOdlKE Vo pmv
VITOYPNGLOTOLOVVTAL, VO, 0OPAVOTOLOVVTAL 1) VO, KOBIGTOVTOL AEITOVPYIK LUT) GTULOVTIKOL.
H mapodoo SIMAOUATIKY HEAETE TN VELPOVIKT adPAVELD MG VO LETPNGLUO POVOUEVO
KOTA TN OldpKeEw TNG ekmaidevon kot ovorntoecoel to «NeuroSentry», &va mAaiclo
mopokoAoVONONG Yoo TNV EKTIUNOT NG OOPAVEING TOV VEVPOVEOV OO TOAALATAAL
GUUTAT POUOTIKO CTLOTO.

To NeuroSentry cuvdvdlel 1o activation rate, to positive activation magnitude, to
gradient activity kot ™ onuovtwkotto Taylor mpdng 14ENg og éva cuveyéc Dormancy
Score. EmumAéov, povtelomotel petofdoeg oe enimedo mAnBuopod HECE® EUTEPIKNG
avaALoNG EMPIOONC KOt EKTIUNGEMV KIVODVOL, KOl ETEKTEIVEL TO GTLLOL TOPAKOAOVONGNG
HE €va acaPEG CVOTNUA KIVOUVOL adPAVELNS, OYEOLICUEVO VO ATOTVTTOVEL GTASIOKN
eMOEivmON, TAPOOIKY AVAKOLLYT) KO ETILOVI AOPAVELX.

H gpyacia ovykpivet 10 NeuroSentry pe o baseline pébodo Pacicpévn otnv
EVEPYOTOINGN TOV VELPOVAV, Kol 0EOAOYEL TNV TPOCEYYIOT| GE TTEPAUOTA GVVOETIKAOV
dense owrtvwv, CNN-MNIST, Sequential MNIST pe avadpopkd oiktva, cevépla
acoPOVS KOKAOL (NG VELPOVAV, Kol OVTIGTOLEG WEAETEG EVIGYLTIKNG HABNoNG o€
CartPole, LunarLander xou Humanoid.

Xe OAeg Tig peyolvtepeg RL epyacieg, n pébodog baseline dev kotoypldeel TEAMKOVS
adpavelg vevpwveg, evd to NeuroSentry evtomilel onuavtikny adpdvela, dsiyvoviag Ot
poévo mn - ovyvotnto  evepyomoinong pmopel va mopofAEWEL LTOYPTCLULOTOMUEVT
yopntikomtoa. H acapng enéktaom mapéyetl Eva evoldpeso otadto Hetald QUGIOAOYIKNG
CUUTEPLPOPEG KoL TPOKTIKNG €yKoupng mposwonoinong. H dumhopatiky] emiong
TEPLYPAPEL TNV TEPAUATIKY EPYOCIO TOL OMOLTEITAL YO HUEALOVTIKOVS 1GYVPIGLOVG
GYETIKA e TPpOocaproyn Paciopévn o mapeUPAcELS, E101KE HECH UNYOVICUOV pruning,
reinitialization, rejuvanation Kot €TEKTOONG MOV EVEPYOTMOLOLVTOL OO UETPNOELS TNG

AOPAVELLG TMV VELPDOVOV.



Abstract

Neural networks are usually trained with a fixed architecture, even though many of their
neurons gradually become underutilized, inactive, or functionally irrelevant. This thesis
studies neuron dormancy as a measurable training-time phenomenon and develops
NeuroSentry, a monitoring framework for estimating neuron dormancy from multiple
complementary signals. NeuroSentry combines activation rate, positive activation
magnitude, gradient activity, and first-order Taylor importance into a continuous
Dormancy Score. It further models population-level transitions through empirical
survival and hazard estimates, and extends the monitoring signal with a fuzzy dormancy-
risk system designed to capture gradual deterioration, transient recovery, and persistent
inactivity.

The work compares NeuroSentry with an activation-threshold baseline and evaluates the
approach on synthetic dense networks, CNN-MNIST experiments, Sequential MNIST
recurrent experiments, fuzzy neuron life-cycle scenarios, and reinforcement-learning
studies using CartPole, LunarLander, and Humanoid. Across the larger RL tasks, the
activation-only baseline reports no final dormant neurons while NeuroSentry identifies
substantial multi-signal dormancy, showing that activation frequency alone can miss
underused capacity. The fuzzy extension provides an interpretable bridge between
dormancy theory and practical early-warning behavior. The thesis further outlines the
experimental work needed to support future claims about intervention-based adaptation,
especially pruning, reinitialization, rejuvenation, and expansion mechanisms triggered by

measured neuron health.



Iporoyog — Evyaprotieg

H mapodoo dumiopotiky epyacio ekmovhdnke ot1o mAaiclio Tov Metamtuylokon
[Tpoypappoatog Zmovddy Kot TPAYHATEVETOL TO QUIVOLEVO TNG VEVPMOVIKNG 0OPAVELNG GE
Babid teyvntd vevpovikd diktva . H epyacia eotidlel otnv avdmtuén kot a&loAdynon
tov NeuroSentry, evo¢ mAoiciov TopaKoA0VONGNG TNG AEITOVPYIKNG KATAGTOONG TMV
VELPOVOV KATA TNV OAPKELD TNG EKTOUOEVONG, LE GTOYO TNV KOADTEPT] KATAVONGT TOV
TPOTOV LE TOV OTO10 1 ECMTEPIKT SVVOALIKT] EVOG OIKTVOV HETOPAAAETAL LLE TOV YPOVO.
To evdlapépov TG LEAETNC TPOKVTTEL QIO TNV TAPOTIPNON OTL, EVO TO VEVPOVIKE diKTVLOL
SBETOVY pEYAAN 1KOVOTNTO, 1 OPYLTEKTOVIKY] TOVG TOPAUEVEL GLVIOMG LETE TOV OPYLKO
oyedlacpd otabepn. Me amotéhespio, Vo HEPOC TG VITOAOYIGTIKNG TOVG YOPNTIKOTNTOG
VO KOTOANYEL Un ypnotlpomomuévo M Agttovpykd avevepyd. H epyacio emyyeipel va
mpooeyyicel To {Tnua avtd Ol MG Eva amAd dVAdIKO TPOPANUO EVEPYOD 1| AVEVEPYOD
VELPDOVO, AAAG MG L0l GTAOIAKY, YPOVIKE EEEMGGOUEVT] KOTAGTAGT TOL EMNPEALETAL AT
TOAOLG TTOPAYOVTEC.

Méoo mepapdtov oe supervised learning kot reinforcement learning nepipdilovta, n
epyooia eEetdlel katd m6co N péBodoc Neurosentry pumopel vo TpocOEPEL TO OVGLUGTIKT
€IKOVO Y10, TNV VYElR Kol adpdvela Tov vevpavev. Emiong, n epyacio arotedlel éva frpoa
pog cvotnuata Babvtepng ddyvoong yi ypnon TG 0€ TPOGAPUOCTIKA VELPMVIKA

olkTva.

®a NBeha vo ekppdow TiIc Beppég pov evyaplotieg otov emPAémovia kabnynt) op.
Koloppdroo Koota yia v kabodnynon, kot Tig TOAVTILEG TOPATNPNOES GE OAN TNV
OLIPKELNL EKTTOVNONG TNG TAPOVGOS SUTAMUATIKNG EPYOAGIOGC.

Evyopiotd eniong ta pén g EETOCTIKNG EMTPOTNG Y10 TOV YPOVO OV APLEPOTOY GTNV
a&lohdynon g epyaciag.

TéLog, aitepeg evyoploTieg O0PEIA® GTNV OWKOYEVELN OV KOl TOLG OVOP®TOLG OV

otdOnKav oimAa pLov g OAN avTi TNV TPOoTAOELX, YioL TV VOOV Kot T 6TNPEN TOVC.

Awevkpivion: H napodoa dSumhopatikn epyoacio eivorl ypappévn oty ayyAkn yAOood,
kabmg to avrikeipevd g evtdooetor 6to gvpOTEPO O1EBVEG epeuvnTikd mEedio NG
TEXVNTNG VONUOGUVIG Ko TNG Unyavikng pabnong. H ypnon g ayylkng emiéydnke
MoTE M opoloyin, Ol TEYVIKEG €VVOleG Kol 1 Topovoicon tov puebddwv Kot Tov
TEPOLATIKOV OTOTEAEGUATOV VO Omodid0VTOL e GUVETELD TTPOG TN GYETIKN O1EfvN

BipAoypapio.
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1 Introduction

Biological nervous systems adapt continuously. Neural circuits strengthen, weaken,
prune, and recruit components in response to experience, allowing the system to preserve
useful behavior while remaining plastic under changing conditions (Chechik et al. 1998;
Turrigiano 2012; Ming and Song 2011). Artificial neural networks, by contrast, are
commonly trained with a fixed structure. Their parameters change, but their internal
allocation of computational capacity is rarely monitored at the level of individual neurons.
Once a network is initialized, the training process usually assumes that all units remain
equally available for computation, even if some units stop firing, receive little gradient
signal, or become irrelevant to the loss.

This mismatch is important because many artificial neurons gradually become weakly
active, rarely active, or effectively inactive during training. This behavior is commonly
discussed as dead or dormant neurons and has been reported in supervised networks,
convolutional models, and reinforcement-learning agents (Evci 2018; Lu et al. 2020; Shin
and Karniadakis 2020; Sokar et al. 2023). A dormant neuron is not necessarily
permanently dead. It may still fire occasionally, but it contributes little to the forward
computation, receives limited gradient signal, or has negligible influence on the current
optimization objective. From the perspective of model capacity, such a neuron is present
in the architecture but only weakly present in the computation.

Existing work has shown that dormant units can accumulate during training and that
activation-based statistics provide a useful first view of this phenomenon (Sokar et al.
2023). However, activation alone provides an incomplete view of neuron utilization. A
neuron can activate frequently but with negligible magnitude. A neuron can be rarely
active but important for a specific subset of samples. A unit can also show nonzero
activation while receiving almost no gradient, meaning that it participates in the forward
pass but is not learning. These cases motivate a broader definition of neuron health: the
degree to which a neuron participates in the forward representation, receives learning
signal, and influences the loss trajectory.

The central goal of this thesis is to develop a monitoring framework that detects loss of
functional participation before it is reduced to a binary dormant/not-dormant decision.
The thesis argues that neuron dormancy should be treated as a gradual, measurable, and
temporally evolving signal of neuron health rather than as a single binary condition.
NeuroSentry approaches this problem as a training-time diagnostic system. Instead of
using only activation magnitude, it combines activation frequency, activation strength,
gradient flow, and first-order Taylor importance into a continuous Dormancy Score. The
same signals also support survival and hazard views of the neuron population, allowing
the system to describe how neurons transition into inactivity over time.

The thesis also extends the Dormancy Score with a fuzzy dormancy-risk estimator. The
fuzzy component is motivated by the fact that dormancy is gradual, noisy, and context
dependent. A neuron can temporarily dip, recover, decay slowly, or become inactive from
birth. Fuzzy reasoning provides a structured way to express these patterns as low,
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medium, and high risk without relying on a single crisp threshold (Zadeh 1965; Mamdani
and Assilian 1975; Ross 2005). This makes the method more suitable as a future control
signal for adaptive neural architectures, where decisions such as pruning, reinitialization,
freezing, or rejuvenation should depend on persistent evidence rather than one unstable
measurement.

1.1 Problem Statement

The practical problem addressed in this thesis is the lack of a fine-grained, temporally
stable view of neuron utilization during training. A neural network can reach acceptable
task performance while hiding substantial internal redundancy or inactivity. Conversely,
a network can experience optimization difficulty because useful units transition into
sustained inactivity early, leaving later layers with reduced representational diversity.
Standard training logs such as loss and accuracy do not expose these internal dynamics.

A useful dormancy monitor should satisfy several requirements. First, it should operate
at neuron or channel level rather than only at model level. Second, it should combine
forward and backward signals, because a neuron can be active but unimportant, or
inactive but still recoverable. Third, it should track persistence over time, because short
dips should not trigger strong conclusions. Fourth, it should be interpretable enough to
support later adaptive mechanisms. NeuroSentry is designed around these requirements.

1.2 Contributions

The main contributions are:

e A multi-signal Dormancy Score that combines forward activity, backward
gradient flow, and Taylor importance into a continuous neuron-level estimate.

e Empirical survival and hazard metrics for tracking population-level neuron
dormancy over training.

e A fuzzy dormancy-risk extension that connects activation, gradient, importance,
and temporal age signals to interpretable risk categories.

e A comparison against the activation-threshold dormancy baseline of Sokar et al.
(2023) on supervised learning and reinforcement learning experiments.

e A sensitivity analysis of Dormancy Score component weights, showing how
architecture and signal choice influence dormancy estimates.

1.3 Scope and Thesis Positioning

The thesis should be read as a monitoring and diagnostic contribution. It does not claim
to solve structural adaptation end to end. The proposed scores are not used here to
automatically prune or regenerate neurons during training. Instead, the work establishes
the signals that such future mechanisms would need. This distinction matters: pruning is
an intervention, while NeuroSentry is the measurement layer that can inform
interventions.
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1.5 Thesis Organization

Chapter 2 reviews dormant neurons, adaptive neural networks, pruning, rejuvenation,
continual learning, and fuzzy systems. Chapter 3 defines the Dormancy Score, hybrid
thresholding, hysteresis, survival, and hazard metrics. Chapter 4 presents the fuzzy
dormancy-risk estimator and synthetic neuron life-cycle scenarios. Chapter 5 summarizes
supervised, recurrent, and reinforcement-learning experiments, including computational
resources and hyperparameters. Chapter 6 concludes with limitations, open experimental
work, and future directions.

2 Background and Related Work

This chapter reviews the concepts that motivate NeuroSentry. The thesis is positioned at
the intersection of neuron inactivity, adaptive neural-network structure, pruning and
rejuvenation methods, and fuzzy reasoning. The central idea is that neuron dormancy
should not be treated only as a late-stage pruning criterion. It can also be monitored
continuously during training and used as a signal for future adaptive mechanisms.

2.1 Biological Motivation: Plasticity and Dormancy

Biological nervous systems are not built with fixed, unchanging wiring. Instead, they
continuously adapt as they respond to their activity, development, and experience.
Mechanisms such as neurogenesis, and synaptic pruning work together as part of a self-
regulating cycle, that are helping the brain remain stable while still allowing it to learn
and evolve throughout life. Neurogenesis can refresh or expand neural synapsis through
the birth and connection of new neurons (Ming and Song 2011; Tran et al. 2022). Synaptic
pruning removes weak or redundant connections, refining efficiency and reducing
uncontrolled excitation (Chechik et al. 1998). Additionally, dormant cells can temporarily
reduce activity without necessarily dying, preserving metabolic resources while retaining
potential for later reactivation under new stimuli (Faust et al. 2021; Benedetti and
Couillard-Despres 2022; Benedetti et al. 2023). These mechanisms often work together
with homeostatic plasticity, a balancing process that helps the nervous system regulate
excitation, inhibition, and connectivity so that it can remain stable and function
effectively. (Turrigiano 2012; Turrigiano 1999; Turrigiano and Nelson 2004).

These mechanisms suggest a useful analogy for artificial neural networks. In biological
systems, silence is not always equivalent to low functional contribution. A neuron may
remain silent for a period, become selectively engaged, or be part of a precursor
population that is later recruited (Benedetti and Couillard-Despres 2022; Benedetti et al.
2023). The important question is therefore not only whether a neuron fires at a given
instant, but whether its pattern of activity, learning signal, and temporal behavior indicate
useful participation. This motivates a view of artificial neurons as components whose
functional status can change over time.

Artificial neural networks are inspired by biological computation, but they usually lack
this form of explicit structural self-regulation. A network may begin training with a fixed
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number of units, yet only a subset may remain consistently useful. Other neurons may
become weakly active, rarely active, saturated, or effectively irrelevant. If such behavior
can be measured reliably, it can support adaptive operations such as pruning, rejuvenation,
freezing, reinitialization, or neurogenesis-inspired expansion.

2.2 Artificial Neural Networks and Learning Settings

The experiments in this thesis use standard artificial neural networks in supervised-
learning and reinforcement-learning settings. This section provides the minimum
background needed to connect those settings with neuron dormancy.

2.2.1 Artificial Neurons and Deep Networks

Artificial neural networks are built from simple computational units inspired by
biological neurons. Early mathematical models such as the McCulloch—Pitts neuron
showed how networks of threshold units could implement logical computation
(McCulloch and Pitts 1943), while the perceptron introduced a trainable linear classifier
inspired by information storage in neural systems (Rosenblatt 1958). Modern deep
networks generalize these ideas by stacking many layers of differentiable units and
training their parameters from data using backpropagation and gradient-based
optimization (Rumelhart et al. 1986; LeCun et al. 2012; Goodfellow et al. 2016; LeCun
etal. 2015).

In Figure 1 is visualized the basic artificial-neuron abstraction used throughout the thesis.
Inputs are weighted and combined with a bias term to form a pre-activation z, which is
then passed through a nonlinear activation function to produce the output activation a.
NeuroSentry monitors this process not only through the output activation, but also
through the gradient and importance signals that pass back through the same unit during
training.

| pre-activation
‘ =), wir;+b

forward computation, activation, gradient, and

importance can be monitored

Figure 1: Simplified artificial neuron used in modern neural networks, following the weighted-sum and activation-
function abstraction introduced by early neuron and perceptron models (McCulloch and Pitts 1943; Rosenblatt 1958,
Goodfellow et al. 2016).

In this thesis, the term artificial neuron refers to a hidden unit or convolutional channel
that transforms an input into a pre-activation and then into an activation. Although the
biological analogy is imperfect, it is useful for discussing capacity allocation. A neural
network may contain many available units, but training can concentrate useful
computation in only a subset of them. The remaining units may become rarely active,
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weakly active, gradient-inactive, or unimportant to the loss. NeuroSentry studies this
internal allocation rather than treating the network as a black box that is summarized only
by task accuracy. This framing is essential for the rest of the thesis, because dormancy is
interpreted as reduced participation in computation and learning rather than merely as low
output magnitude.

2.2.2 Supervised Learning

Supervised learning trains a model from input—target pairs. Given examples (x,y), the
model predicts § = fg(x) and updates its parameters 6 to reduce a loss function such as
cross-entropy or mean squared error (Bishop 2006; Goodfellow et al. 2016). In the
supervised experiments of this thesis, the dense synthetic classifier and CNN-MNIST
model are trained in this way: the target labels are fixed, the data distribution is
comparatively stable, and the loss gives a direct gradient signal at every update.

This setting is useful for dormancy analysis because it isolates neuron utilization under
relatively controlled optimization. If a neuron becomes inactive in supervised learning,
the cause is often related to initialization, activation function behavior, optimization
dynamics, data distribution, or layer redundancy. Monitoring activations alone can reveal
some inactive units, but it does not show whether a unit still receives gradient signal or
contributes to the loss. This motivates the NeuroSentry combination of forward activity,
gradient activity, and Taylor importance. It also makes supervised learning a useful first
setting for evaluating whether the monitor can distinguish inactive neurons from neurons
that remain meaningful through gradient or Taylor evidence.

2.2.3 Deep Reinforcement Learning, DQN, and DDPG

Reinforcement learning differs from supervised learning because the agent learns through
interaction with an environment. At each step, it observes a state, selects an action,
receives a reward, and transitions to a new state. The objective is to learn behavior that
maximizes long-term return rather than to match fixed labels (Sutton and Barto 2018). Q-
learning estimates the expected return of taking an action in a state and then following a
good policy thereafter (Watkins and Dayan 1992). Deep Q-Networks (DQN) combine
this value-learning idea with deep neural networks, allowing value functions to be
approximated from high-dimensional observations (Mnih et al. 2015).

Deep reinforcement learning is especially relevant to dormancy because the training
distribution is non-stationary. The data seen by the network depends on the current policy,
exploration schedule, replay buffer, and changing value targets. A neuron that is useful
early in training it may later receive little stimulation, while another unit may remain
inactive until the agent discovers a new region of the state space. This makes dormancy
harder to interpret than in supervised learning and explains why prior work has
highlighted dormant neurons in deep RL agents (Sokar et al. 2023; Liu et al. 2025).

The thesis uses DQN experiments for discrete-action control tasks such as CartPole and
LunarLander. It also includes a Humanoid experiment based on Deep Deterministic
Policy Gradient (DDPG), an actor—critic method designed for continuous action spaces
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(Lillicrap et al. 2015). In actor—critic training, separate networks can represent the policy
and the value estimator, so dormancy can emerge differently across actor and critic layers.
This motivates monitoring at the layer and neuron level rather than reporting only episode
reward. The non-stationarity of reinforcement learning makes it a stronger test case for
dormancy monitoring, because temporary inactivity should not automatically be
interpreted as permanent neuron failure.

2.3 Neural-Network Training Foundations

Before discussing dormancy, it is useful to define the basic training features that later
become NeuroSentry monitoring signals. These definitions follow standard neural-
network notation and correspond to the theoretical-background role used in the submitted

paper.
2.3.1 Pre-Activation and Activation

For a neuron i at training step t, the pre-activation is

Zl-(t) = WlTx(t) + bil

where x(® is the input to the neuron, w; is its incoming weight vector, and b; is its bias.
The activation is then

ai(t) _ f(Zi(t));

where f is the nonlinear activation function. The choice of f determines both the forward
response and the local gradient flow (Goodfellow et al. 2016). For ReLU, negative pre-
activations produce zero activations and zero local derivative, which is why ReLLU-based
networks are especially vulnerable to dead or dormant units (Lu et al. 2020; Shin and
Karniadakis 2020).

During mini-batch training, a neuron does not produce a single value per optimization
step. It produces one value per sample, and in convolutional or sequence models it also
produces values over spatial or temporal positions. To obtain a consistent per-neuron
statistic, all non-neuron dimensions can be averaged.

Let

A(t) = Rblxb2x~-~><bkxd

be the activation tensor for a layer, where the last dimension indexes the d neurons or
channels. The summary activation of neuron i is

1 N k
® _ ® _
ai _NZAn‘i’ N—l_[bm.
n=1

m=1

For dense layers, N = B where B is the batch size. For convolutional layers, N = BHW
for batch, height, and width. For sequence layers, N = BT for batch and time. This
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convention allows a dormancy monitor to compare dense, convolutional, and recurrent
architectures using the same neuron-level notation.

2.3.2 Backpropagation and Gradient Flow

Backpropagation computes gradients by applying the chain rule across the network
(Rumelhart et al. 1986; LeCun et al. 2012; Goodfellow et al. 2016). For a neuron with
®

o _ ) . . . o
activation a; * = f(z; ), the gradient with respect to its pre-activation is

aL _ aL , (Z (t))
® ® Ly

0z, da;
where L is the loss function. This quantity is central to dormancy analysis because it

describes whether the neuron receives learning signal. If 9L/ azi(t) is persistently small,

then the neuron’s incoming weights receive little useful update.

As with activations, gradients may have batch, spatial, or temporal dimensions. A per-
neuron gradient magnitude can be summarized as

N

1
) _
G; —nZ

n=1

oL
®
azi’n

This statistic does not replace the gradients used by the optimizer. It is a diagnostic signal
indicating whether the unit is still involved in learning.

2.3.3 Exponential Moving Averages

Raw activation and gradient values are noisy. They depend on the current mini-batch,
optimizer state, and data order. Online monitoring therefore often uses an exponential
moving average (EMA):

2P =z P 1-ax®, o0<a<i

l

Large a values provide long memory and smooth estimates. Smaller values react faster
but produce noisier curves. In the dormancy setting, EMAs help separate persistent
inactivity from short-lived fluctuations. This is conceptually similar to the role of moving
averages in adaptive optimization, where past information stabilizes updates (Kingma and
Ba 2017).

2.4 Dormant and Dead Neurons

A dead neuron typically refers to a unit that outputs zero, or a near-zero value, for all
relevant inputs. In ReLU-based networks this often occurs when the pre-activation is
negative for nearly all samples. Because the derivative of ReLU is zero in the negative
regime, the neuron receives no gradient signal, and its incoming parameters stop
updating. This behavior is known as the dying ReLU problem (Lu et al. 2020; Shin and
Karniadakis 2020).
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A dormant neuron is a broader concept. A dormant unit may not be exactly dead. It may
still activate occasionally, but it contributes little to the forward computation, receives
weak gradients, or has negligible influence on the loss. This distinction is important
because dormancy can be temporary, recoverable, task-dependent, or architecture-
dependent. Reinforcement-learning work has shown that dormant neurons can
accumulate during training and reduce the effective capacity of the agent (Sokar et al.
2023). Similar phenomena have been discussed in supervised networks, pruning studies,
and analyses of dead or underused units (Evci 2018; Dufort-Labbé¢ et al. 2024).

It is useful to distinguish between weakly active and rarely active neurons. Weakly active
neurons may fire regularly but with small magnitude. They may still encode low-
amplitude but meaningful features, especially in later layers. Rarely active neurons fire
for only a small fraction of inputs. If they also receive little gradient signal, they are
stronger candidates for dormancy. A single activation statistic may confuse these cases,
which is one reason NeuroSentry combines several monitoring signals.

Neuron death can also be interpreted differently depending on the learning setting. In
some cases, death is purely harmful because it removes representational capacity. In other
cases, dead or inactive neurons may reflect implicit structural adaptation, where unused
capacity is effectively removed from the active computation (Dufort-Labbé et al. 2024).
This thesis adopts a diagnostic perspective: before deciding whether inactivity is useful
or harmful, the training process should expose how neurons are being used.

2.5 Factors That Influence Dormancy

Neuron dormancy rarely has a single cause. In practice, inactivity can emerge from the
interaction between initialization, activation functions, optimization dynamics, data
distribution, depth, and non-stationary training. This section reviews the main factors
because they clarify why dormancy should be monitored as a training-time process rather
than treated only as a final pruning decision.

Initialization and bias: Weights and biases determine the initial pre-activation
distribution. If many ReLU neurons are initialized so that their pre-activations are
negative for most inputs, they can begin training in a weak or inactive state. Symmetric
or poorly scaled initialization can increase this risk in deep networks (Lu et al. 2020). A
negative bias can have a similar effect by shifting the neuron toward the inactive region.

Learning rate and gradient updates. Large optimization steps can push a neuron across
the boundary between active and inactive regimes. Once the neuron enters a region with
near-zero derivative, its gradients may vanish and recovery becomes difficult (Shin and
Karniadakis 2020). This is especially relevant for rectifying nonlinearities, where the
backward signal can be blocked completely.

Data distribution: Input statistics determine which neurons are stimulated. If a neuron
specializes in a region of the input space that appears rarely, it may look inactive for most
batches even if it is meaningful for rare samples. Conversely, a neuron may be genuinely
underused because the data distribution does not support the feature it encodes.
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Depth and cascade effects: In deep architectures, inactivity can propagate. If early layers
produce sparse or low-diversity representations, downstream units receive weaker inputs
and can also become inactive. This creates layer-wise bottlenecks where a small number
of dormant units can influence later computation (Sokar et al. 2023; Evci 2018).

Non-stationary training: Reinforcement learning and continual learning are particularly
sensitive to non-stationarity. The target distribution, state visitation distribution, and
policy behavior can change throughout training. Units that were useful early may become
less useful later, and units that are inactive for long periods may still be needed after a
distribution shift (Sokar et al. 2023; Kirkpatrick et al. 2017; Ven et al. 2024). This is one
reason binary pruning decisions are risky without a temporal monitoring signal.

2.6  Monitoring Neuron Dormancy

Existing dormancy measures can be grouped into activation-based, gradient-based, and
temporal indicators.

2.6.1 Activation-Based Metrics

The simplest metric is average activation magnitude. A neuron whose activation remains
near zero across a dataset is a natural dormancy candidate. This idea appears in work on
dead units and pruning, where near-zero activations indicate low utilization (Evci 2018;
Molchanov et al. 2016a). A related metric is activation frequency: the fraction of inputs
for which a neuron produces an output above a threshold. Sokar et al. (2023) use a
normalized activation score and classify a unit as T-dormant when its score falls below a
fixed threshold.

Activation metrics are attractive because they are easy to compute and interpret. They
also provide a direct view of forward-pass participation. However, they have limitations.
A neuron can fire often but weakly. It can fire rarely but be important when it does fire.
It can have nonzero activation while receiving almost no gradient. It can also look inactive
under one data subset but useful under another. These limitations motivate the use of
complementary backward-pass and saliency signals.

2.6.2 QGradient-Based Metrics

Gradients describe whether a neuron is still learning. If the gradient with respect to a
neuron’s pre-activation or incoming weights is consistently near zero, the neuron is
unlikely to update meaningfully. This aligns with pruning and saliency literature, where
gradient information helps estimate the effect of removing parameters or units (LeCun et
al. 1989; Molchanov et al. 2017, 2016b). Recent work also argues that gradient-based
signatures can reveal underuse that activation-only statistics miss (Liu et al. 2025).

Gradient monitoring is not sufficient by itself. A neuron may have low gradient because
the model has already converged, not because the neuron has low functional contribution.
A temporarily flat optimization region may also reduce gradients without implying
permanent dormancy. For this reason, gradient information is most useful when combined
with activation magnitude, activation rate, and temporal persistence.
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2.6.3 Temporal and Persistence Metrics

Dormancy is a process, not only a state. A neuron that dips below a threshold for one step
should not be treated the same as a neuron that remains inactive for hundreds of updates.
Temporal metrics track how inactivity evolves across training, whether the same neurons
remain dormant, and whether dormancy accumulates at the layer level (Sokar et al. 2023;
Dufort-Labbé et al. 2024). Such information is especially important for adaptive
architectures, because interventions such as pruning or reinitialization should not be
triggered by noise.

This thesis uses exponential moving averages and hysteresis to separate persistent
inactivity from short-term fluctuation. It also uses empirical survival and hazard curves
to summarize dormancy as a population-level transition process.

2.7 Pruning, Rejuvenation, and Structural Adaptation

Neuron dormancy is closely related to pruning, but the goals are different. Pruning
methods remove weights or units to reduce model size, computation, or redundancy.
Classical saliency approaches such as Optimal Brain Damage estimate the effect of
removing parameters on the loss (LeCun et al. 1989). Modern pruning surveys and
methods examine activation sparsity, Taylor criteria, structured pruning, and other
relevance signals (Molchanov et al. 2017; Blalock et al. 2020; Cheng et al. 2024;
Douzandeh Zenoozi et al. 2025).

Other methods attempt to restore or reuse capacity rather than simply remove it. Neural
rejuvenation and developmental approaches introduce replacement, regeneration, or
adaptive reallocation mechanisms (Qiao et al. 2019; Han, Zhao, Pan, et al. 2021; Han,
Zhao, Zeng, et al. 2021). Neurogenesis-inspired methods add or recruit neurons as
learning demands change (Draelos et al. 2017; Chambers et al. 2004; Pandit and
Kudithipudi 2020; Liu et al. 2024). Continual-learning methods also study how to
preserve useful representations while adapting to new tasks (French 1999; Kirkpatrick et
al. 2017; McCaffary 2021; Mishra and Suri 2023).

NeuroSentry does not perform structural adaptation directly in this thesis. Instead, it
supplies the monitoring signal that such adaptation would require. A pruning method
needs to know which units are persistently inactive. A rejuvenation method needs to know
which units are drifting toward low functional contribution. A future neurogenesis
mechanism needs to know where existing capacity is insufficient or unreliable.

2.8 Fuzzy and Neuro-Fuzzy Systems

Fuzzy logic provides a way to model gradual concepts such as low activity, medium risk,
or high importance (Zadeh 1965; Mamdani and Assilian 1975; Ross 2005; Zimmermann
2010). Instead of forcing a fixed binary boundary between active and dormant, fuzzy
membership functions allow a neuron to partially belong to several states. This is useful
when the monitored signals are noisy, smooth, and context-dependent.
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Neuro-fuzzy systems combine fuzzy interpretability with neural learning or adaptation.
ANFIS is a classical example of a system where neural-style optimization tunes fuzzy
inference components (Jang 1993). Related work applies fuzzy reasoning to pruning,
feature selection, evolving classifiers, or reinterpretations of neural operations (Junio
Guimaraes et al. 2019; Fan 2017; Campos Souza and Lughofer 2023; Xue et al. 2023).
These methods show that fuzzy logic can support adaptive model behavior, but they
generally operate at the level of model outputs, rules, features, or global structure.

The fuzzy component of NeuroSentry is different in granularity. It operates inside the
training process at the neuron level. It takes activation rate, activation magnitude, gradient
activity, Taylor importance, and age-related signals as inputs, then produces a dormancy-
risk estimate. The aim is not to replace gradient-based learning with fuzzy logic, but to
provide an interpretable layer of reasoning over internal neuron health.

2.9 Positioning of NeuroSentry

The related work suggests three requirements for a useful dormancy monitor. First, the
monitor should combine forward and backward signals, because activation alone provides
incomplete evidence. Second, it should be temporal, because dormancy develops over
training and may include recovery. Third, it should be interpretable enough to support
later adaptive decisions.

NeuroSentry addresses these requirements by combining a multi-signal Dormancy Score,
empirical survival and hazard summaries, and a fuzzy risk estimator. The Dormancy
Score captures neuron-level inactivity from activation, gradient, and Taylor signals.
Survival and hazard describe the layer-level transition into dormancy. The fuzzy estimator
expresses gradual risk and handles ambiguous cases such as newborn neurons, specialists,
transient dips, and persistent inactivity.

3 NeuroSentry Methodology

The previous chapter showed that activation-only views of dormancy are useful but
incomplete. A neuron may be inactive, weakly active, gradient-starved, or locally
unimportant to the loss, and these cases should not be treated as identical. This chapter
therefore introduces NeuroSentry as a multi-signal monitoring framework designed to
estimate neuron health during training.

The full NeuroSentry framework has three connected components: the Dormancy Score,
survival/hazard analysis, and fuzzy dormancy risk. This chapter focuses on the first two
components. It defines the score-level monitoring signals and the temporal summaries
that describe how neurons enter dormancy over training. Chapter 4 then builds on the
same signals to introduce the fuzzy risk layer.

The general neural-network quantities used here were introduced in Section 2.3: pre-
activation, activation aggregation over batch, spatial, and temporal dimensions,
backpropagation gradients, and exponential moving averages. Following the submitted-
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paper structure, the present chapter focuses on the proposed approach: how those
foundational quantities are combined into neuron-level dormancy signals, adaptive
thresholds, survival and hazard summaries, and the baseline comparison.

3.1 Overview of the Proposed Monitor

Within this chapter, NeuroSentry is presented through two complementary monitoring
components. First, the Dormancy Score provides a continuous estimate of neuron
inactivity by integrating activation behavior, learning signal, and first-order contribution
to the loss. Second, empirical survival and hazard summaries describe how the monitored
neuron population transitions into dormancy over time. The fuzzy-risk component is part
of the complete framework, but it is treated separately in Chapter 4 because it adds rule-
based interpretation and risk categories on top of the score-level signals.

The key design choice is to treat dormancy as a gradual, temporal, and multi-signal
condition. The following sections introduce each signal separately before combining
them into the final diagnostic score.

3.2 Activation Rate

The activation rate measures how frequently a neuron is active. NeuroSentry defines the
binary indicator

t t ¢
X =1(a > 6),
where Gi(t) 1s a threshold. The activation-rate EMA is
20 = a4 (1 - a)x®.

A low activation rate suggests that the neuron rarely participates in the forward pass.
However, low rate alone is insufficient for classifying dormancy, because specialist
neurons may fire rarely but meaningfully. Activation rate is therefore interpreted as one
component of neuron health, not as a standalone decision rule.

3.3 Positive Activation Magnitude

Activation rate measures frequency, but not strength. A neuron may fire often with tiny
activations, or rarely with large activations. NeuroSentry therefore tracks positive
activation magnitude:

® _ ®)y®
M;” =a;"X;",
and its moving average
A" = am ™ + (1 - a)M®.

If both fi(t) and 1’7\11@ remain low, the neuron is both rarely active and weak when it

activates. This combination is stronger evidence of functional dormancy than either signal
alone.
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3.4 Gradient Activity
The gradient-activity EMA 1is

At A~(t—-1 t
gl.() = agl.( )+ (1—a)Gi().

This statistic reflects learning vitality. A neuron with nonzero activation but near-zero
gradient may still participate in the forward pass, but it is not being updated in a
meaningful way. Gradient activity therefore captures a dimension of neuron health that
activation metrics cannot fully express (Molchanov et al. 2016b; Liu et al. 2025). Its role
in the Dormancy Score is complementary: it helps separate low forward use from reduced
learning participation.

3.5 First-Order Taylor Importance

NeuroSentry also tracks a first-order Taylor importance score. Consider the loss L as a
function of activation a;. A first-order Taylor approximation gives

oL
L(a; + Aa;) = L(a;) + — Aa;.
aai

If the neuron is removed by setting a; = 0, then Aa; = —a;, and the approximate change
in loss magnitude is

AL | oL
|AL;| = |a; da;
The per-step Taylor importance is therefore
oL
Si(t) = ai(t) 1k
(')alg )

with EMA
P =as Y+ 1 - a)s?.

Taylor-style criteria are widely used in pruning and saliency estimation because they
approximate the local effect of removing a component (LeCun et al. 1989; Molchanov et
al. 2017). In NeuroSentry, low Taylor importance indicates that a neuron has little
influence on the current loss trajectory.

3.6 Dormancy Score

The Dormancy Score combines the four monitoring signals into a continuous estimate:
D = w,(1-79) + wy(1- )

3
+Wg(1 — gi(t)) + Ws(l — §l.(t)),
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where 7, M, §, and § are normalized values in [0,1], and the weights sum to one. A high
score indicates that the neuron is rarely active, weakly active, gradient-inactive, or
structurally unimportant.

The equal-weight configuration uses
Wy = Wy = Wy = wg = 0.25.

The sensitivity analysis in Chapter 5 examines how different weightings change the
detected dormant fraction. This is important because different architectures emphasize
different signals: dense networks may be sensitive to activation rate, while CNNs may
require stronger backward-pass indicators.

Therefore, the Dormancy Score should be interpreted as a diagnostic estimate of reduced
neuron participation, not as a final decision to remove or modify the neuron.

3.7 Adaptive Thresholds

Fixed thresholds are simple, but they can be sensitive to scale, noise, and training
dynamics. Different layers and neurons operate at different activation scales, and those
scales shift during training. NeuroSentry therefore uses adaptive quantile thresholds.

A local threshold Hl(otzal'i is computed from the recent behavior of neuron i. This captures

neuron-specific scale. A global threshold Héltgbal is computed from the monitored

population. This captures network-wide activity. The hybrid threshold is

+ (1= 465

® _ ®)
eh,i = At global’

local,i 0<A, <L

When A, approaches one, the rule becomes mostly local. When it approaches zero, the
rule becomes mostly global. Intermediate values balance neuron-specific adaptation with
population-level consistency. This resembles the balance between local homeostatic
regulation and population-level stability in biological systems (Miconi 2017; Turrigiano
2012). The thresholding mechanism is therefore designed to support fair comparison
across neurons without assuming that a single fixed scale is valid for every layer.

Quantile-based thresholding also connects to statistical threshold estimation, where
thresholds are adapted to observed distributions rather than fixed manually (Donoho and
Johnstone 1994; Greenwald and Khanna 2001; Jain and Chlamtac 1985; Dunning 2021).

3.8 Hysteresis

Even adaptive thresholds can produce noisy binary decisions if a neuron fluctuates around
the boundary. NeuroSentry therefore uses hysteresis. A neuron must remain below the
dormancy criterion for K consecutive monitoring steps before it is declared dormant.
Similarly, it must recover sufficiently before the dormant state is cleared.

This mechanism prevents short dips from creating unstable dormant/non-dormant
switching. In the fuzzy system, hysteresis is also used on the smoothed risk score.
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Conceptually, hysteresis turns dormancy detection from an instantaneous threshold
crossing into a persistence requirement.

3.9 Empirical Survival and Hazard

Dormancy can also be viewed as a time-to-event process. For each monitored layer, let

A® be the set of neurons that are active at step t, and let Né?w be the number of neurons

that newly enter dormancy at that step. The empirical hazard is

®
RO = Nnew

VG

It estimates the instantaneous rate at which currently active neurons transition into
dormancy. The empirical survival estimate is

so =] [a-rm).

Survival analysis is commonly used to model time-to-event phenomena (Cox 1972; Dietz
et al. 2000). In this thesis, it is used descriptively: survival curves show how much of a
layer remains active, while hazard curves show when dormancy transitions concentrate.

3.10 Relationship to the Sokar Baseline

The baseline used for comparison follows the activation-score approach of Sokar et al.
(2023). For each neuron, the baseline computes a normalized average activation score
and marks the neuron as 7-dormant when the score is below a fixed threshold. This
baseline is valuable because it is simple, interpretable, and directly connected to prior
work on dormant neurons in reinforcement learning.

NeuroSentry differs in three ways. First, it uses multiple signals rather than activation
alone. Second, it tracks those signals online with EMAs and adaptive thresholds. Third,
it exposes temporal summaries through hysteresis, survival, hazard, and fuzzy risk. The
goal is not to discard the baseline, but to show where a richer monitor can reveal
dormancy patterns that a fixed activation score cannot distinguish.

4 Fuzzy Dormancy Risk

The Dormancy Score introduced in Chapter 3 provides a compact numerical estimate of
neuron inactivity. However, dormancy is not always a clearly separable state. A neuron
may show weak activation while remaining important for rare samples, or it may
temporarily lose activity before recovering later in training. For this reason, a purely
numerical score or fixed binary threshold may not fully express the uncertainty involved
in neuron-health assessment.

This chapter introduces a fuzzy dormancy-risk layer that interprets the same monitoring
signals as gradual risk categories. Its purpose is not to replace the Dormancy Score, but
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to express uncertain neuron states in a way that is closer to how dormancy appears during
training: gradual, noisy, partially reversible, and dependent on the age of the neuron and
the persistence of inactivity.

4.1 Motivation

Binary dormancy rules are easy to interpret, but they can oversimplify neuron behavior
during training. A neuron whose activation falls below a threshold for a single step is not
necessarily dormant. A neuron with low activation but high Taylor importance may be a
specialist unit. A neuron that is newly introduced or recently initialized may need time
before its activity becomes meaningful. These cases are difficult to represent with a fixed
binary rule, because the relevant concepts are not crisp. Terms such as weak activation,
low gradient, high importance, old neuron, or prolonged inactivity have natural degrees
of membership.

Fuzzy logic was introduced to model such gradual categories (Zadeh 1965). In a fuzzy
system, a value can partially belong to several linguistic states, and a rule base can
combine these states to produce a smooth output (Mamdani and Assilian 1975; Ross
2005; Tan and Chua 2007). This is appropriate for neuron dormancy because dormancy
is not a single event. It is usually a trajectory: a unit may become less active, stop
receiving gradient, lose importance, recover, or eventually transition into sustained
nactivity.

The fuzzy dormancy system therefore aims to answer a slightly different question from
the Dormancy Score. Instead of asking only how dormant a neuron is according to a
weighted numeric score, it asks what kind of risk state the neuron appears to occupy. The
output is a scalar risk score and a distribution of fuzzy masses over low, medium, and
high risk. These masses are useful for interpretation because they show whether a high-
risk decision is strong and stable or merely a temporary mixture of medium and high
evidence.

4.2  Inputs and Normalization

The fuzzy system uses six normalized inputs:
(f‘i m; g; §F abl af)l

where 7 is activation rate, M is positive activation magnitude, g is gradient activity, § is
Taylor importance, a, is age since birth, and ay is age since last firing. The first four
inputs are the same core health indicators used by the Dormancy Score. The two age-
related variables add temporal context.

The first four inputs correspond directly to the EMA quantities introduced in Chapter 3:
activation-rate EMA, positive-magnitude EMA, gradient-activity EMA, and Taylor-
importance EMA. The fuzzy system therefore does not introduce a separate measurement
pipeline; it reinterprets the same smoothed monitoring signals through linguistic risk
categories.
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The age since birth, a;, represents how long the neuron has existed in the training process.
In fixed architectures this begins at initialization, while in a future adaptive architecture
it could begin when a neuron is generated or reinitialized. The age since last firing, ay,
measures persistence of inactivity. A neuron that has not fired for a long period should be
treated differently from one that missed only one mini-batch. This is the fuzzy analogue
of the hysteresis idea used in the crisp monitor.

All inputs are mapped to [0,1] before fuzzy inference. This makes the rule base
independent of the raw scale of activations or gradients. In practice, the normalized values
can be obtained from per-layer min—max normalization, quantile scaling, or the already
normalized NeuroSentry monitoring outputs. The exact normalization should be kept
consistent within each experiment group so that risk curves are comparable across time.

4.3 Membership Functions

For the activity and importance variables 7, m, g, and §, the fuzzy system uses low,
medium, and high membership functions. A low activation-rate membership indicates
rare firing. A low magnitude membership indicates weak positive response. Low gradient
membership indicates limited learning signal, and low Taylor membership indicates little
local influence on the loss.

The age variables use young, mature, and old membership functions. A young neuron
receives protection against premature high-risk classification, because early activity is
often unstable. A mature neuron is expected to have developed some role in the
representation. An old neuron with long inactivity is stronger evidence for persistent
dormancy, unless it also retains high importance.

Triangular and trapezoidal membership functions are sufficient for this thesis because the
goal is interpretability and stable monitoring rather than learning a complex fuzzy
controller. A generic triangular membership function is

Ua(x; a, b, c) = max (min (i : Z,Z : ;)0)

where a, b, and ¢ define the left support, peak, and right support. Trapezoidal functions
can be used for concepts such as definitely low or definitely high, where a plateau is
desirable.

4.4 Rule Logic
The fuzzy rule base encodes qualitative dormancy patterns. The core rule intuition is:

e [f activation rate, activation magnitude, gradient activity, and Taylor importance
are high, then dormancy risk is low.

e [f activation is weak but gradient or Taylor importance remains high, then risk
should be medium rather than immediately high.

e [factivation, gradient, and Taylor importance are all low, then risk should be high.
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e If the neuron has not fired for a long time, high-risk evidence should be
strengthened.

e [If the neuron is young, high-risk evidence should be softened to avoid
misclassifying early specialization.

This rule structure reflects the biological motivation behind the thesis. Persistent lack of
use is a stronger signal than a short inactive period, but silence alone is not always
evidence of low functional contribution. Some neurons are specialists. Some neurons are
temporarily inactive because the data distribution or policy trajectory has not visited their
preferred region. The fuzzy system captures this ambiguity by assigning partial
membership to multiple risk categories.

Let Wiow, Wmed> and Wyign denote the accumulated rule strengths for the three risk

categories. In a Mamdani-style system, an individual rule with antecedents Ay, ..., A; can
fire with strength

b= min(.“A1 (x1), v HUa, (xk)):

and this strength contributes to the output category associated with the rule. Other t-norms
could be used, but the minimum operator keeps the inference easy to inspect.

The purpose of these rules is not to produce a fully learned controller, but to make the
interpretation of dormancy risk transparent and inspectable.

4.5 Contextual Refinements

After the core rules fire, the fuzzy system applies age-based refinements. These
refinements make the risk estimate better aligned with neuron life-cycle behavior.

Newborn protection: If the neuron is young, high-risk mass is reduced. Newly initialized
neurons often have unstable gradients and may not immediately become useful.
Prematurely classifying them as high risk would confuse normal early exploration with
dormancy.

Persistent inactivity: If age since last firing is old, high-risk mass is increased. A long
period without activation is stronger evidence of dormancy than a one-step dip.

Older specialists: If a neuron is old but Taylor importance is high, high-risk mass is
reduced. This protects long-lived specialist units that may fire rarely but remain important
when they do fire.

Stagnant old units: If a neuron is old, gradient activity is low, and Taylor importance is
low, high-risk mass is increased. This combination corresponds to a strong pruning or
rejuvenation candidate because the unit is neither learning nor contributing.

These refinements are heuristic, but they are transparent. The goal is to make the risk
estimate explainable enough that future adaptive interventions can inspect why a neuron
was classified as high risk.
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4.6 Defuzzification and Hysteresis

The final scalar risk is obtained through centroid-style defuzzification. The thesis
implementation maps the three risk categories to representative centroids:

CLOW = 02, CMed = 05, CHigh = 0.85.

The scalar risk is then

WiowCLow T WMedCMed T Whigh CHigh

R =
' Wiow + WMed + Whigh + €

The raw risk is smoothed with an EMA and converted into a high-risk state through
hysteresis. A neuron enters high risk when the smoothed risk remains above an enter
threshold for K consecutive steps. It exits only after falling below a lower exit threshold.
This enter/exit design prevents rapid oscillation when the risk score fluctuates around the
boundary. It also matches the methodology of Chapter 3, where dormancy is treated as a
persistent event rather than an instantaneous threshold crossing.

4.7 Neuron Life-Cycle Scenario

The synthetic life-cycle experiment demonstrates the conceptual behavior that the fuzzy
system is meant to capture. The scenario simulates a neuron from birth through stable
usefulness, gradual decay, a temporary dip and recovery, weak recovery, and final
dormancy. Although synthetic, this setting is valuable because it isolates patterns that are
difficult to observe cleanly in real training logs. In real networks, optimization noise,
batch effects, and changing data distributions can overlap. The life-cycle scenario exposes
the intended response of the fuzzy system under controlled conditions.

Figure 2 shows the monitored signals over this trajectory. The most important feature of
the scenario is that dormancy is not represented as a single sudden drop. Instead, the
neuron passes through phases. Early activity is unstable, then the neuron becomes useful,
then activity and gradient signal decay. A short dip tests whether the risk system
overreacts. A later sustained period tests whether the system can detect persistent low use.
The final phase represents a transition into sustained dormancy.
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Figure 2: Synthetic neuron life-cycle features used to connect fuzzy dormancy risk with the theoretical notion of neuron
health. The scenario includes birth, stable activity, decay, dip/recovery, weak recovery, and final dormancy phases.
The fuzzy risk curve in Figure 3 increases as activity, gradient flow, and importance
decay. The raw risk responds quickly to the changing inputs, while the smoothed risk and
hysteresis thresholds stabilize the decision. The fuzzy masses in Figure 4 show how the
system gradually shifts mass from low and medium risk into high risk. This mass view is
important because it shows whether a high scalar risk is caused by one sharp spike or by
a broad change in evidence.
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Figure 3: Raw and smoothed fuzzy risk with hysteresis
thresholds across the synthetic neuron life cycle.

A comparison of the fuzzy system with a simple activation-threshold baseline inspired by
Sokar et al. (2023) is also visualized in Figure 5. In the single-neuron synthetic setting,
the baseline reduces to a fixed threshold on activation magnitude. The fuzzy system
responds to gradual deterioration before the activation magnitude reaches the fixed
threshold. It also supports recovery because the risk state can exit when the monitored
signals improve. The baseline only indicates whether activation falls below a fixed
threshold and does not distinguish between decay, recovery, or task-specific
specialization.
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Figure 5: Comparison between fuzzy risk and a fixed activation-threshold baseline in the synthetic life-cycle scenario.

4.8 Hysteresis and Noise Filtering

The hysteresis scenario tests whether short transient dips are filtered out while sustained
low-use periods trigger a high-risk flag. Figure 6 shows active phases, a short transient
dip, temporary dormancy, weak recovery, and final dormancy. This scenario is designed
around a common practical failure mode: if the monitor reacts to every local fluctuation,
it becomes too noisy to guide adaptation. If it reacts too slowly, it loses early-warning

value.
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Figure 6: Synthetic hysteresis scenario. The short dip is designed to remain below the hysteresis duration, while later
sustained events should trigger risk flags.

The outputs in FiguresFigure 7 and Figure 8 show the intended behavior. The transient
dip increases risk but does not persist long enough to enter the high-risk state. Later low-
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activity regions produce sustained risk and therefore trigger the flag. When the neuron
recovers, the exit threshold prevents immediate oscillation and requires evidence of stable
recovery. This behavior is especially relevant for reinforcement learning, where state
visitation and target distributions can change from one phase of training to the next.
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Figure 7: Risk curve and hysteresis flags for Synthetic
hysteresis scenario.

4.9 Detection Latency and Risk Alignment

The latency experiment repeats synthetic dormancy trajectories over many random seeds
and compares the first detection step of the fuzzy system against the fixed activation-
threshold baseline. This evaluates whether the early-warning behavior observed in the
single trajectory is systematic or only a visual artifact. Across 10,000 repeated
trajectories, the fuzzy method detects dormancy earlier in most simulated trajectories,
with a mean latency advantage of 17.46 training steps, a median advantage of 38 steps,
and earlier detection in 71.7% of trials.

Figure 9 presents the same experiment from a more diagnostic perspective. Instead of
only plotting detector latency, each point summarizes one lifecycle window from one
synthetic trajectory. The horizontal axis is the mean activation activity in that window,
while the vertical axis is the mean fuzzy risk. Stable active windows remain in the high-
activity, low-risk region. Transient dip/recovery windows move toward lower activity but
remain below the sustained high-risk threshold on average. Final sustained-dormancy
windows cluster in the low-activity, high-risk region; 98.8% of these final windows are
above the high-risk threshold. This supports the intended interpretation of the fuzzy layer:
it does not merely react to an isolated low activation value, but assigns high risk when the
lifecycle pattern is consistent with sustained dormancy.

A training step in this analysis is an abstract update index, not a fixed amount of wall-
clock time. The latency advantage should therefore be interpreted as earlier detection in
the learning trajectory. Its practical time value depends on hardware, batch size, model
size, and monitoring frequency.
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Figure 9: Risk-alignment scatter over repeated synthetic lifecycle trajectories. Final sustained-dormancy windows
cluster in the low-activity, high-risk region, while stable and transient-recovery windows remain below the sustained
high-risk threshold on average.

4.10 Role in the Thesis

The fuzzy chapter provides the conceptual bridge between biological motivation and
experimental monitoring. The biological literature motivates gradual and context-
dependent neuron status. The Dormancy Score provides numeric evidence. The fuzzy
system translates that evidence into interpretable risk categories and temporal decisions.
This makes it a natural candidate for future closed-loop adaptive architectures: high risk
could trigger observation, delayed pruning, rejuvenation, or targeted reinitialization,
while medium risk could trigger longer monitoring rather than immediate intervention.

5 Experimental Evaluation

The previous chapters introduced the thesis argument that dormancy is gradual, temporal,
and multi-signal. This chapter evaluates that argument empirically using the completed
experiment artifacts in the project repository. Its purpose is not to repeat the
methodological definitions from Chapter 3, but to report how the proposed monitoring
framework behaves under the evaluation protocol used in this thesis.

The chapter first defines the setup, experiment families, monitoring protocol, and
computational resources. It then reports the results and benchmark costs for each
experiment family before summarizing the main findings. Throughout the chapter, the
results are interpreted as diagnostic evidence: NeuroSentry is evaluated as a monitoring
framework, not as a closed-loop pruning, rejuvenation, reinitialization, or expansion
system.

5.1 Evaluation Setup and Protocol

5.1.1 Experiment Families

The evaluation is organized into two experiment families. The first family contains
supervised-learning experiments: a dense synthetic classification task, CNN-MNIST, and
Sequential MNIST with a recurrent network. These experiments provide controlled
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settings where the same Dormancy Score, fuzzy-risk system, survival curves, hazard
curves, Sokar-style baseline, and sensitivity analysis can be compared across dense,
convolutional, and recurrent architectures. The second family contains reinforcement-
learning experiments: CartPole and LunarLander with DQN, and Humanoid with DDPG.
These runs test whether the same monitoring vocabulary remains usable in custom non-
stationary training loops.

This organization is intentional. The supervised experiments provide architecture and
weight-sensitivity analysis, while the matched reinforcement-learning experiments test
integration and compare the multi-signal method directly with an activation-threshold
baseline in a setting where neuron dormancy has already been reported as a practical
issue. The two families are therefore reported separately: Section 5.2 presents the
supervised-learning experiments and their benchmarks, and Section 5.3 presents the
reinforcement-learning comparison.

5.1.2 Monitoring Protocol

The evaluation focuses on whether NeuroSentry provides richer diagnostic information
than activation-threshold monitoring. Each experiment is interpreted as evidence about
neuron-health measurement rather than as a pruning or rejuvenation study.

The baseline comparison follows the activation-threshold idea used by Sokar et al.
(2023): a neuron is classified as dormant when its normalized average activation score
falls below a fixed threshold 7. The corrected supervised reruns use T = 0.025 and
evaluate the baseline on a fixed score-estimation minibatch every 1000 training steps.
This baseline is useful because it is simple and directly connected to prior work on
dormant neurons in deep reinforcement learning. It also creates a clear reference point for
evaluating whether a multi-signal monitor adds information beyond low forward activity.

NeuroSentry evaluates the same monitored layers using activation rate, positive
activation magnitude, gradient activity, and first-order Taylor importance. These
quantities are smoothed with exponential moving averages, combined into the Dormancy
Score, and summarized through dormant fractions, dormant counts, survival curves, and
hazard curves. In fuzzy-enabled runs, the same monitored state is also mapped into low-
, medium-, and high-risk fuzzy categories. Hysteresis is used so that short-lived threshold
crossings do not immediately become persistent dormant events.

5.1.3 Computational Resources

The submitted NeuroSentry paper and the thesis reruns were conducted on the project
server environment summarized in Table 1.

Table 1: Computational resources and software environment used for the reported NeuroSentry experiments.

Resource Configuration

GPU NVIDIA GeForce RTX 4090
Operating system Ubuntu 24.04 LTS

Main deep-learning = TensorFlow/Keras
framework
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RL environments Gymnasium  CartPole-vl, LunarLander-v3, and
Humanoid-v5

Analysis and plotting Python, NumPy, Matplotlib, JSON/CSV aggregate
summaries

5.2 Supervised Learning Experiments

This section reports the supervised-learning experiment family introduced in
Section 5.1.1. The goal is to keep the supervised evidence comparable across dense,
convolutional, and recurrent architectures before interpreting each architecture separately.
The section therefore begins with the shared configuration, wall-clock benchmark results,
sensitivity scenarios, and aggregate summary, followed by the Dense synthetic, CNN-
MNIST, and Sequential MNIST RNN case studies.

5.2.1 Supervised Experiment Configuration

The shared protocol compares the Dormancy Score with the activation-only baseline,
repeats each configuration over ten runs, and includes sensitivity analysis over the
Dormancy Score weights. Table 2 summarizes the common setup used by the dense
synthetic, CNN-MNIST, and Sequential MNIST aggregate runs.

Table 2: Shared supervised-experiment protocol used for the thesis aggregate results.

Parameter Value

Independent runs 10 runs per reported aggregate
Training length 50 epochs

Batch size 128

Optimizer Adam (Kingma and Ba 2017)

Dormancy  Score | Equal baseline: w, = wy, = w, = wg = 0.25
weights

Hybrid  threshold Qiocal = Gglobal = 5.0

quantiles

Hybrid  threshold Ap =04

mixing

Hysteresis window | 2 monitoring steps

Sokar-style T = 0.025 with one 64-sample score-estimation batch every
threshold 1000 steps

Primary metrics Dormant fraction, dormant count, fuzzy risk, risk categories,

survival, hazard, sensitivity AUC, benchmark cost

The supervised architectures are intentionally modest. This makes neuron-level
monitoring interpretable and avoids hiding dormancy behavior behind very large feature
extractors. Table 3 summarizes the monitored networks.

Table 3: Supervised architectures used to evaluate NeuroSentry under dense, convolutional, and recurrent activation
Structures.

Experiment Model Monitored layers and purpose
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Dense MLP with two hidden layers | Dense hidden layers are monitored to

synthetic of 16 and 8 units study dormancy in a controlled binary

classification setting.

CNN-MNIST | One convolutional layer | The convolutional channel layer and
with 36 filters, max pooling, | dense layer are monitored to test
and a dense layer of 128 whether the same signals remain
units useful with spatial activations.

Sequential SimpleRNN layer with 64 The recurrent output and dense

MNIST RNN | units followed by a dense | classifier block are monitored to test

layer of 64 units

batch-time aggregation in a sequence

setting.

5.2.2 Supervised Benchmarking

Computational cost for the supervised experiments is reported using dedicated wall-clock
benchmark scripts rather than inferred from the main diagnostic aggregates. This matters
because the aggregate experiments are designed to study neuron-health trajectories, while
a cost comparison requires comparable runs with monitoring disabled, with activation-
threshold monitoring enabled, with Dormancy Score monitoring enabled, and with
Dormancy Score plus fuzzy risk enabled. The supervised benchmarks compare a plain
model with no NeuroSentry layers, a Sokar-style activation baseline, NeuroSentry score-
only monitoring, and NeuroSentry with fuzzy risk. The updated benchmark scripts also
include a repeated simple-model control without NeuroSentry or Sokar; this control is
used to check run-to-run harness variability in the source artifacts but is not reported as a
thesis method.

Table 4. Supervised wall-clock benchmark results. Times are mean =+ standard deviation over five timed repeats. Extra
time is reported in seconds relative to the plain model baseline for each experiment.

Configuration Dense synthetic (s) CNN-MNIST (s) Sequential MNIST RNN (s)

Plain 0.734+0.005 1.588+0.017 1.716+0.036
Sokar 0.839+0.041 1.660+0.066 1.787+0.048
Score 1.492+0.120 2.348+0.041 2.464+0.122
Fuzzy 1.643+0.022 2.572+0.090 2.641+0.031
Score extra 0.759 0.760 0.747
Fuzzy extra 0.910 0.984 0.925

In Table 4 we report the supervised wall-clock benchmark matrix. The plain baseline is
the reference for full end-to-end cost. The Sokar baseline is comparatively cheap because
it evaluates an activation-threshold dormancy score on a lightweight probe. NeuroSentry
score-only adds the multi-signal Dormancy Score, survival, and hazard machinery, while
the fuzzy configuration adds the rule-based risk layer on top of that monitored state.
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The supervised benchmark shows a consistent cost structure. The Sokar-style probe
remains close to the plain baseline, adding 0.105 seconds in Dense synthetic, 0.071
seconds in CNN-MNIST, and 0.071 seconds in Sequential MNIST RNN. Score-only
NeuroSentry adds 0.747-0.760 seconds across the three supervised benchmarks,
reflecting the cost of maintaining the multi-signal monitoring state. The fuzzy layer then
adds a smaller incremental cost over score-only NeuroSentry: 0.151 seconds in Dense
synthetic, 0.224 seconds in CNN-MNIST, and 0.178 seconds in Sequential MNIST
RNN. This is the expected tradeoff: fuzzy risk improves interpretability by producing
gradual risk categories, but it is not free. The important practical point is that the fuzzy
overhead is an incremental addition on top of the score-only monitor, not a separate
training procedure.

Overall, the supervised benchmarks show that NeuroSentry adds a measurable but
interpretable monitoring cost. Sokar-style activation thresholding is cheaper because it
uses a lightweight activation-only score and can be evaluated as a low-frequency probe
over a score-estimation minibatch. In contrast, full NeuroSentry is intentionally an online
multi-signal monitor: score-only NeuroSentry tracks forward activity, gradient activity,
Taylor importance, survival, and hazard, while the fuzzy configuration adds rule-based
risk categories on top of that state. Therefore, full NeuroSentry should not be expected to
match Sokar’s wall-clock cost while it retains gradient/Taylor tracking and per-batch
online state. Approaching Sokar-like cost would require an explicit lower-cost
configuration, such as a lower-frequency probe-style pipeline, an activation-only or
activation-dominant lite mode, or reduced-frequency fuzzy-risk evaluation.

5.2.3 Sensitivity Scenarios

The Dormancy Score is a weighted combination of four signals, so sensitivity analysis is
necessary. Table 5 lists the weight profiles used in the supervised aggregate experiments.
The scenarios include isolated forward signals, isolated backward signals, and mixed
profiles that emphasize different definitions of underuse.

Table 5: Dormancy Score weighting scenarios used for supervised sensitivity analysis.

Baseline and isolated signals Composite profiles
Scenario Wy | Wy | W | ws  Scenario Wy | Wp | Wy | W
equal 02 02 02 0.2 | rate dominant 0.5 02 01 0.1
5 5 5 5 5 5 0 0
rate_only 1.0 0.0 0.0 0.0 mag dominant 02 05 0.1 0.1
0 0 0 0 5 5 0 0
mag_only 0.0 1.0 0.0 | 0.0  grad dominant 0.1 101 05 02
0 0 0 0 0 0 5 5
grad only 0.0 0.0 1.0 | 0.0 | taylor dominant 0.1 101 02 05
0 0 0 0 0 0 5 5
taylor only 0.0 0.0 0.0 1.0 | activation focused 0.4 ' 0.4 | 0.1 0.1
0 0 0 0 0 0 0 0
rate mag only | 0.5 | 0.5 | 0.0 0.0 forward heavy 04 03 0.1 0.1
0 0 0 0 0 0 5 5
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grad taylor on | 0.0 | 0.0 0.5 0.5 | backward heavy 0.1 0.1 03 04
ly 0 0 0 0 5 5 0 0
gradient_focused 0.1 0.1 04 04

inactive_unimport 0.3 1 0.1 0.1 0.3
ant 5 5 5 5

5.2.4 Aggregate Result Summary

In Table 6 the main equal-weight supervised aggregates are presented. Each row uses the
fuzzy-enabled rerun for that architecture, so the table reports both the crisp Dormancy
Score outcome and the fuzzy risk categories from the same monitored history. Fuzzy risk
is reported as the mean final layer-level risk, and the low/medium/high counts are final
aggregate neuron counts across the monitored population.

Table 6: Final supervised aggregate results for equal-weight fuzzy-enabled NeuroSentry runs. Dormant percentage and
survival are mean layer-level summaries over ten runs.

Experiment Dormant | Sokar Survival | Fuzzy Low/Med/High
Y% Y% risk risk

Dense synthetic 9.69 0.94 0.688 0.239 23.0/0.4/0.6
+ 2.95 +2.00 +0.066 + 0.039

CNN-MNIST 7.11 2.37 0.788 0.227 148.2/15.1/0.7
+1.19 +1.88 | +0.098 + 0.010

Sequential 7.34 2.58 0.830 0.232 117.1/9.0/1.9

MNIST RNN + 1.68 +0.99 | +0.024 + 0.010

5.2.5 Dense Synthetic Experiment

The dense synthetic experiment provides a controlled setting where each hidden unit 1s
easy to interpret. The model has two monitored dense layers with 16 and 8 units, so the
total monitored population is small enough that dormant counts and fuzzy categories
remain directly readable. This experiment is useful for testing whether the Dormancy
Score identifies early allocation effects and whether the activation-only baseline reacts
only to the most obvious low-activation units.

Figure 10 summarizes the main equal-weight aggregate output using the corrected Sokar-
style baseline with T = 0.025. The fuzzy-enabled NeuroSentry configuration produces a
final mean dormant fraction of 9.69% % 2.95%, compared with 0.94% % 2.00% for the
activation-only baseline. This larger gap is important: with the corrected normalized-
activation threshold, Sokar is conservative in the dense supervised setting and only flags
the most clearly low-activation units. NeuroSentry identifies a broader subset of low-
participation units because the Dormancy Score also considers activation magnitude,
gradient activity, Taylor importance, adaptive thresholds, and temporal persistence. The
survival curve ends near 0.688 * 0.066, showing that most monitored units remain active
across training while a small subset enters persistent dormancy.
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Figure 10: Dense synthetic aggregate with dormant-neuron behavior, survival, hazard, and related NeuroSentry
monitoring curves.

Figure 11 and 12 separates the temporal survival and hazard panels from the combined
dashboard. This makes the event interpretation clearer: survival describes the proportion
of monitored neurons that have not entered persistent dormancy, while hazard emphasizes
when new dormancy events occur. In the dense setting, the hazard curve is concentrated
around the early allocation phase, which is consistent with a small network assigning only
part of its hidden capacity to the synthetic decision boundary.
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Figure 11: Empirical survival for dense synthetic
experiment.

Figure 12: Dormancy hazard for dense synthetic
experiment.

The fuzzy dense run in Figure 13 adds a gradual risk view to the crisp Dormancy Score.
The final average fuzzy risk is 0.239 £ 0.039. At the final step, most monitored units are
assigned to the low-risk category, with mean category counts of 23.0 low-risk, 0.4
medium-risk, and 0.6 high-risk neurons. This is an important distinction: the corrected
activation baseline remains almost silent at the final step, while the fuzzy system still
separates a small number of units into elevated-risk categories. In a future adaptive
version of NeuroSentry, medium-risk units would be natural candidates for delayed
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intervention, while high-risk units would be candidates for pruning, reinitialization, or
rejuvenation.
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Figure 13: Dense synthetic fuzzy aggregate showing gradual risk and low/medium/high risk assignments.

The dense sensitivity analysis in Figures 14 and 15 shows why the four Dormancy Score
components should not be reduced to a single activation-rate heuristic. With the corrected
baseline, Sokar remains essentially flat at 0.94% across weight profiles because it does
not use the Dormancy Score weights. NeuroSentry varies within a narrower but still
meaningful band: the final dormant fraction ranges from 9.06% for the gradient—Taylor-
only profile to 10.94% for the rate-magnitude-only profile, with the equal configuration
at 9.69%. The larger sensitivity effect appears in the temporal statistics: rate-only
monitoring gives the lowest final survival, 0.244, indicating that forward firing frequency

strongly affects when units enter persistent dormancy even when the final dormant
percentage changes moderately.

Final Dormant Percentage: NeuroSentry vs Sokar

mmm NeuroSentry
Sokar

equal

grad only

grad taylor only
mag only

rate mag only

rate only

taylor only

grad dominant
mag dominant
rate dominant
taylor dominant
activation focused
backward heavy
forward heavy
gradient focused

inactive unimportant

0 10 20 30 40
Dormant %

Figure 14: Dense synthetic sensitivity: final dormant percentage for NeuroSentry and the Sokar-style activation
baseline.
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Figure 15: Dense synthetic sensitivity: deviation from equal Dormancy Score weights for final dormant fraction,
dormancy AUC, dormant count, and count AUC.

The fuzzy sensitivity view across the same score-weight scenarios is visualized on

Figures 16 and 17. The fuzzy-risk mean is nearly unchanged across the weight profiles,
and the medium/high category counts are also stable. This is expected in the dense

synthetic rerun because the fuzzy system evaluates the monitored feature state through its
rule base, whereas the crisp Dormancy Score changes the weighting of the decision

boundary. The result supports the thesis argument that fuzzy risk can act as a stable

complementary health signal even when the exact Dormancy Score weights are varied for

sensitivity analysis.
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Figure 16: Dense synthetic fuzzy-risk sensitivity across Dormancy Score weight profiles.
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Figure 17: Dense synthetic fuzzy category sensitivity across Dormancy Score weight profiles.

5.2.6 CNN-MNIST Experiment

The CNN-MNIST experiment tests whether the same monitoring ideas remain useful
when activations are spatially structured. In convolutional layers, a channel can be active
in only some spatial locations, so layer-level monitoring aggregates over batch and spatial
dimensions. This makes the CNN setting a stronger test of whether activation frequency
alone is enough to describe neuron health.

Figure 18 summarizes the CNN aggregate. The equal-weight NeuroSentry configuration
reports a final mean dormant fraction of 7.11% % 1.19%, while the corrected activation-
threshold baseline reports 2.37% =+ 1.88%. The final survival value is 0.788 £+ 0.098,
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indicating that most monitored units remain active but that a consistent subset becomes
underutilized. The gap between NeuroSentry and the activation baseline supports the
central claim of the thesis: in convolutional representations, frequent or nonzero

activation is not the same as functional importance.
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Figure 18: CNN-MNIST aggregate with layer-wise dormancy monitoring metrics.
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The separate survival and hazard panels in Figure 19 show that the CNN model does not
experience a large late-training increase in dormancy. Instead, the main event rate appears

during the earlier part of optimization, after which the surviving monitored population is
comparatively stable. This pattern is useful for interpretation because the final dormant

count alone would not show whether dormancy accumulated gradually, occurred abruptly,

or stabilized after early representation formation.
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Figure 19: CNN-MNIST survival and hazard summaries.
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The fuzzy CNN aggregate in Figure 20 reports a final mean fuzzy risk of 0.227 + 0.010.
The final category counts are 148.2 low-risk, 15.1 medium-risk, and 0.7 high-risk
neurons across the monitored convolutional and dense layers. This result is qualitatively
different from a binary dormant/not-dormant report. It indicates that the network contains
a wider band of medium-risk units that are not yet persistently dormant but may deserve

monitoring if the network is later pruned, expanded, or fine-tuned.
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Figure 20: CNN-MNIST fuzzy aggregate showing gradual risk and low/medium/high risk assignments.

The sensitivity analysis in Figures 21 and 22 shows a different pattern from the dense
experiment. The final dormant fraction ranges from 6.32% for the activation-focused
profile to 8.73% for Taylor-only, while the corrected Sokar baseline stays lower, between
1.19% and 2.53% across the same trained networks. More importantly, the rate-only
configuration has lower final survival, 0.434, even though its final dormant fraction is
close to the equal profile. This suggests that activation-rate-only monitoring can create
substantial transient dormancy in convolutional settings. Backward and Taylor
information help distinguish temporary low firing from neurons that are consistently low
impact.
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Figure 21: CNN-MNIST sensitivity: final dormant percentage for NeuroSentry and the Sokar-style activation baseline.
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Figure 22: CNN-MNIST sensitivity: deviation from equal Dormancy Score weights for final dormant fraction,
dormancy AUC, dormant count, and count AUC.

The fuzzy sensitivity plots in Figures 23 and 24 show the same separation between crisp
sensitivity and fuzzy risk. Across CNN weight profiles, the final fuzzy risk remains in a
narrow band around 0.225-0.231, while medium-risk counts remain around 15-17
neurons and high-risk counts remain below one neuron on average. This indicates that the
fuzzy extension is not merely a re-labeling of the weighted Dormancy Score. It provides
a complementary, rule-based assessment of neuron health that is less sensitive to small
changes in score weighting.
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Figure 23: CNN-MNIST fuzzy-risk sensitivity across Dormancy Score weight profiles.
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Figure 24: CNN-MNIST fuzzy category sensitivity across Dormancy Score weight profiles.

5.2.7 Sequential MNIST RNN Experiment

The recurrent experiment extends the supervised evaluation from static inputs to ordered
inputs. Each MNIST image is treated as a sequence of 28 row vectors with 28 features
per time step. The model monitors the output of a SimpleRNN layer and a dense classifier
block, which gives 128 monitored units across recurrent and feed-forward
representations. This setting is useful because recurrent activity can be temporarily low
for reasons that are different from dense or convolutional layers: a hidden unit may
specialize for particular time positions, digit strokes, or sequence contexts.

Figure 25 summarizes the Sequential MNIST aggregate. The equal-weight NeuroSentry
configuration reports a final dormant fraction of 7.34% =+ 1.68%, while the corrected
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Sokar-style activation baseline reports 2.58% + 0.99%. This revised comparison
changes the interpretation of the recurrent result: the activation-only score identifies a
smaller final dormant subset, while NeuroSentry reports additional underutilized units
because it combines forward activity with gradient and Taylor evidence. In a recurrent
layer, this distinction matters because a unit can remain intermittently active while
contributing little to the loss over the monitored window.

Training Loss Activation Rate EMA (mean) Activation Magnitude EMA (mean)
1.0 —
5% 11
2.0 — 2
0.8 2.51
s
0.6 2.0
u < <<
S0 5 S1s
0.4
1.04
0.5
0.2 = 05
0.0 0.0 = 0.0 1
0 5000 10000 15000 20000 0 5000 10000 15000 20000 0 5000 10000 15000 20000
Step Step Step
Gradient |aL/az] EMA Taylor |a-aL/aa] EMA Hybrid Thresholds per Layer
0.0005 == 0.0008 —0Q 100
— 12 — 12
0.0004 0:95
0.0006 5664
< 0:0003 & =2
= = 0.0004 :é. 0.85
0.0002 S 0.80
goooid 0.0002 0.75
—
0701 —
0.0000 0.0000 2
0 5000 10000 15000 20000 0 5000 10000 15000 20000 0 5000 10000 15000 20000
Step Step Step

Figure 25: Sequential MNIST RNN aggregate with recurrent and dense layer dormancy monitoring metrics.

Figure 26 gives the corresponding temporal view for the recurrent experiment. The
survival curve remains higher than in the dense synthetic setting, while the hazard curve
still shows that dormancy events are not uniformly distributed over training. This supports
the use of survival and hazard in sequence models, where the final dormant percentage
can look modest even when the timing of underuse differs across optimization.
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Figure 26: Sequential MNIST RNN survival and hazard summaries.

The fuzzy RNN aggregate in Figure 27 reports a final mean fuzzy risk of 0.232 4+ 0.010.
The final risk categories contain 117.1 low-risk, 9.0 medium-risk, and 1.9 high-risk units.
The medium-risk group is small but consistent, indicating that the recurrent model
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contains a narrow band of units that are not persistently dormant but still show weaker
neuron-health signals than the low-risk majority.
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Figure 27: Sequential MNIST RNN fuzzy aggregate showing gradual risk and low/medium/high risk assignments.

The RNN sensitivity analysis in Figures 28 and 29 shows that the recurrent setting is less
dominated by activation rate than the dense synthetic task. The equal-weight final
dormant fraction is 7.34%, rate-only gives 7.11%, forward-heavy gives the lowest value
at 6.56%, and Taylor-only gives the highest value at 8.59%. The stronger effect appears
in survival: the rate-only profile ends at 0.659, while the equal-weight profile ends at
0.830. In other words, activation-rate-only monitoring does not simply increase the final
dormant count; it changes the timing and persistence of dormancy events. This supports
the use of survival and hazard curves alongside final counts in sequence models.
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Figure 28: Sequential MNIST RNN sensitivity: final dormant percentage for NeuroSentry and the Sokar-style activation
baseline.
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Figure 29: Sequential MNIST RNN sensitivity: deviation from equal Dormancy Score weights for final dormant
fraction, dormancy AUC, dormant count, and count AUC.

Figures 30 and 31 report the fuzzy counterpart for the recurrent setting. The fuzzy-risk

values stay within a narrow range across the same weight profiles, while the category plot
shows that the recurrent model retains a small but visible high-risk group of roughly one

to two units. This complements the survival result: the recurrent model does not show a

large final dormant population, but the fuzzy system still separates low-risk units from
units that deserve continued monitoring.
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Figure 30: Sequential MNIST RNN fuzzy-risk sensitivity across Dormancy Score weight profiles.
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Figure 31: Sequential MNIST RNN fuzzy category sensitivity across Dormancy Score weight profiles.

5.3 Reinforcement Learning Experiments

The final reinforcement-learning study replaces the earlier episode-limited monitoring
runs with a matched six-million-environment-step comparison. CartPole-vl and
LunarLander-v3 use DQN, while Humanoid-v5 uses DDPG. Each task is evaluated with
seeds 0, 1, and 2 under four modes: no monitoring, the activation-only Sokar/ReDo
baseline, NeuroSentry Dormancy Score monitoring, and NeuroSentry with fuzzy risk. All
36 runs completed the target budget. The comparison therefore evaluates monitoring
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behavior and computational cost at a common interaction budget rather than at task-
dependent episode counts.

The monitoring modes are observational: none prunes, resets, or otherwise changes
neurons in response to the measured state. Reward is reported to characterize the training
outcomes, but differences between modes must not be interpreted as causal benefits of a
monitor. The modes are separate stochastic training runs, and the three-seed sample
remains too small for strong policy-performance claims.

5.3.1 Configuration and Evaluation Protocol

The common comparison and evaluation protocol is presented in the Table 7. Sokar/ReDo
evaluates normalized activation every 1000 environment steps using 7 = 0.025.
NeuroSentry runs after training updates with equal Dormancy Score weights, and the
fuzzy mode additionally computes the low-, medium-, and high-risk categories. Because
four parallel environments are used, the NeuroSentry histories contain approximately 1.5
million monitoring points for each six-million-step run.

Table 7: Configuration of the matched six-million-step reinforcement-learning comparison.

Parameter CartPole DQN LunarLander Humanoid
DQN DDPG

Environment CartPole-v1 LunarLander-v3 Humanoid-v5

Seeds 0,1,2 0,1,2 0,1,2

Environment steps per = 6,000,000 6,000,000 6,000,000

run

Parallel environments | 4 4 4

Monitored neurons 64 320 2500

Batch size 64 64 256

Minimum replay size | 1000 1000 5000

NeuroSentry weights 0.25/0.25/0.25 0.25/0.25/0.25 0.25/0.25/0.25
/0.25 /0.25 /0.25

Sokar/ReDo threshold 7 =0.025 T =0.025 T = 0.025

Sokar evaluation = 1000 steps 1000 steps 1000 steps

interval

5.3.2 Final Dormancy and Fuzzy-Risk Results

In Table 8 and Figure 32 we can see the central diagnostic result. On CartPole, the
activation-only baseline and NeuroSentry identify comparable final dormant fractions.
The result changes sharply on the larger tasks. Sokar/ReDo reports no dormant neurons
on LunarLander or Humanoid, while NeuroSentry reports roughly one third of the
LunarLander hidden units and roughly one tenth of the monitored Humanoid actor—critic
units as dormant.

The zero Sokar/ReDo values are not missing or failed experiments. Each of the six
LunarLander and Humanoid Sokar/ReDo runs completed all 6,000 scheduled activation
evaluations, and every evaluation returned zero neurons below 7 = 0.025. This means
the monitored ReLU units continued to activate often enough to remain above the
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activation-only threshold. NeuroSentry nevertheless identifies underused units because
low gradient activity, low activation magnitude, and low Taylor importance can provide
evidence of dormancy even when activation frequency remains nonzero. The result
therefore demonstrates the specific diagnostic gap that the multi-signal score is designed
to address.

Table 8: Final dormant-neuron counts and monitored-population percentages after six million environment steps,
reported as mean + sample standard deviation over three seeds.

Task Sokar/ReDo NeuroSentry score NeuroSentry + fuzzy
dormant dormant dormant

CartPole-vl 10.3£1.5 (16.1%) | 12.0+4.4 (18.8%) 10.0+2.0 (15.6%)

LunarLander- | 0.0+0.0 (0.0%) 112.7+11.2 (35.2%) 122.7+10.7 (38.3%)

v3

Humanoid-v5 | 0.0+0.0 (0.0%) 246.7+4.7 (9.9%) 274.0£37.3 (11.0%)

Final Dormant Percentage: NeuroSentry vs Sokar/ReDo
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5 10 15 20 25 30 35 40
Final dormant neurons (%)

B Sokar/ReDo
HE NeuroSentry score
B NeuroSentry + fuzzy

O

Figure 32: Final dormant fraction in the six-million-step RL comparison. Error bars show sample standard deviation
over three seeds.

The fuzzy categories refine the binary result. From the diagnostics depicted in Table 9 we
understand that the final high-risk group remains smaller than the dormant group in all
three tasks. LunarLander has a particularly broad medium-risk population, while
Humanoid contains a large medium-risk population in absolute terms but only a small
high-risk fraction. The fuzzy output therefore does not simply reproduce the dormant
count; it distinguishes persistent multi-signal underuse from stronger evidence of
functional risk.

Table 9: Final NeuroSentry fuzzy-mode diagnostic counts after six million environment steps.

Task Dormant count ' Low risk Medium risk = High risk
CartPole-vl 10.0+2.0 54.3£2.5 8.7+4.2 1.0£1.7

LunarLander-v3 | 122.7+10.7 140.3+£10.8 155.0+19.7 24.7+11.7
Humanoid-v5 274.0+37.3 1777.3+145.8 | 623.3£119.5 | 99.3+26.3
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The fuzzy-mode runs selected for final dormant counts can be found on Figure 33, 34 and
35. They are included to expose temporal behavior that the final tables cannot show; they
are not substitutes for the three-seed summaries. LunarLander develops a much larger
dormant population and a broad graded-risk distribution. Humanoid shows that the same
instrumentation can track a 2500-neuron actor—critic representation through a long
continuous-control run.

CartPole seed 2 is intentionally shown with an early-training zoom. Its dormant count and
all three fuzzy category counts reach their final joint state after approximately 13,824
environment steps and remain unchanged for the rest of the six-million-step run. The
zoom makes this rapid stabilization visible instead of compressing it into an apparently
unexplained straight line. This behavior is specific to the representative seed: the other
CartPole seeds retain small late changes, so the figure is not presented as a universal
CartPole pattern.
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Figure 33: Representative CartPole fuzzy-mode trace, seed 2. The diagnostic state reaches its final value after
approximately 13,824 environment steps.
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Figure 34: Representative LunarLander fuzzy-mode trace, seed 2.
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Humanoid Fuzzy-Mode Diagnostics, Seed 0
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Figure 35: Representative Humanoid fuzzy-mode trace, seed (.

5.3.4 Computational Cost

A GPU end-to-end wall-clock cost for the RL benchmark profile used in this thesis and
is presented on the Table 10 and Figure 5.38. The normalization uses the current
Humanoid GPU execution profile so that CartPole, LunarLander, and Humanoid are
presented under a consistent execution regime. Within each task, Sokar/ReDo remains
close to the no-monitor runtime because it evaluates activation only every 1000
environment steps. NeuroSentry is called after training updates, so the richer diagnostic
state is accumulated much more frequently.

Table 10: GPU end-to-end wall-clock time for the RL experiments. Values are reported in hours for a six-million-
environment-step budget.

Task No Sokar/ReDo | NeuroSentry NeuroSentry +
monitor (h) score (h) fuzzy (h)
(h)
CartPole-v1 0.49 0.49 1.38 1.75
LunarLander- | 0.64 0.65 1.81 2.30
v3
Humanoid-v5 | 1.36 1.38 3.86 4.89
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GPU-Normalized End-to-End Runtime
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Figure 36: GPU end-to-end runtime for the RL experiments, including the no-monitor reference.

These values should be read as a scheduling result rather than as a claim that each
NeuroSentry operation is slow. NeuroSentry accumulates richer diagnostics after training
updates, while Sokar/ReDo is evaluated sparsely. The additional wall-clock cost is
therefore mainly a consequence of monitoring frequency.

Additionally, Table 11 and Figure 38 report callback latency. A single NeuroSentry score
update is faster than a Sokar/ReDo activation evaluation in all three tasks, and fuzzy
inference adds a bounded incremental cost.

Table 11: Mean latency of one monitoring invocation, reported as mean + sample standard deviation over three seeds.

Task Sokar/ReDo NeuroSentry score NeuroSentry + fuzzy
callback (ms) (ms) (ms)

CartPole-vl 5.89+0.05 1.83+0.09 2.57+0.02

LunarLander- | 6.17+0.04 2.39+0.01 3.58+0.09

v3

Humanoid-v5 | 12.18+0.10 3.75+0.01 6.17+0.04
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Per-Invocation Monitoring Latency
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Figure 37: Per-invocation monitoring latency only. This plot should not be read as a total-runtime result; the no-
monitor mode is omitted because it makes no monitoring invocation, and total runtime is shown separately in Figure
36.

5.4 Experimental Summary

The supervised experiments show that NeuroSentry provides a richer dormancy view than
the corrected fixed activation-threshold baseline while preserving interpretability through
survival and hazard curves. Dense synthetic results show that the corrected Sokar-style
baseline is conservative at T = 0.025, while NeuroSentry still detects a stable small
dormant population. CNN-MNIST results show that backward and Taylor signals matter
when spatial activations make firing frequency less informative, and Sequential MNIST
shows that recurrent aggregation can be evaluated with the same monitoring vocabulary.
The fuzzy supervised aggregates add a graded view of neuron health, separating low-,
medium-, and high-risk units rather than forcing every neuron into an immediate binary
decision. The fuzzy sensitivity plots further show that fuzzy risk remains comparatively
stable across Dormancy Score weight profiles, which makes it useful as a complementary
health signal.

The matched six-million-step reinforcement-learning comparison strengthens the
integration evidence and adds a direct activation-only baseline. Sokar/ReDo and
NeuroSentry identify comparable dormancy on CartPole, but Sokar/ReDo reports no final
dormant units on LunarLander or Humanoid while NeuroSentry identifies substantial
dormant populations. This supports the multi-signal design, while the cost results show
that monitoring frequency must be reduced for practical long-running RL use. These
experiments remain observational: NeuroSentry monitors neuron health but does not
prune, reinitialize, rejuvenate, or expand neurons during training.
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6  Discussion and Conclusion

6.1 Discussion

The central argument of this thesis is that neuron dormancy should be treated as a multi-
signal and temporal process rather than as a single activation-threshold event. Activation-
based baselines provide a useful reference point, especially because they are simple and
directly connected to prior work on dormant neurons in reinforcement learning . However,
they cannot fully describe neuron health. A neuron can fire often but weakly, fire rarely
but remain important, or stay active while receiving almost no learning signal.
NeuroSentry addresses this limitation by combining forward activity, backward gradient
flow, and first-order Taylor importance.

The supervised experiments support this view. In the dense synthetic setting, activation-
rate-heavy configurations can identify substantially more dormant units than balanced
configurations, suggesting that rare firing alone is too aggressive as a dormancy criterion.
In the CNN-MNIST setting, gradient and Taylor components become more informative,
which is consistent with the idea that spatial activation frequency does not directly imply
structural usefulness. In the Sequential MNIST RNN setting, the activation-only baseline
can be slightly higher than NeuroSentry at the final step, showing the complementary
case where multi-signal monitoring can be more conservative because low activation does
not necessarily imply low functional contribution. These differences across architectures
are a major reason for using a composite score rather than a single universal heuristic.

The survival and hazard summaries provide another useful perspective. Dormancy often
appears early, during the phase where representations specialize and the optimizer quickly
allocates capacity. A final dormant fraction alone hides this timing. Hazard curves reveal
when new dormant events occur, while survival curves summarize how much of the active
population remains. This makes the monitor more informative for adaptive systems: an
intervention early in training may have a different meaning from one applied after the
network has stabilized.

The synthetic fuzzy experiments clarify the conceptual role of the method. The life-cycle
scenario shows how risk can rise gradually during decay and before the final near-zero
activation phase. The hysteresis scenario shows why a dormancy monitor should not react
to every short dip. The latency analysis suggests that fuzzy risk can detect deterioration
earlier than a fixed activation threshold in controlled trajectories. Together, these
examples connect the biological motivation of plasticity and dormancy to concrete
monitoring behavior. Furthermore, supervised fuzzy experiments add an additional
practical observation. Across Dormancy Score weight profiles, the fuzzy-risk summaries
are more stable than the crisp dormant counts. This is useful because it separates two roles
of the monitor: the Dormancy Score can be tuned for a specific decision boundary, while
fuzzy risk can remain a smoother health indicator for early warning and delayed
intervention.
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The reinforcement-learning experiments are important because they test NeuroSentry
outside standard supervised callbacks. DQN and DDPG training are non-stationary: the
replay distribution, value targets, exploration behavior, and policy all change throughout
training. In the matched six-million-step comparison, Sokar/ReDo and NeuroSentry
identify similar final dormant fractions on CartPole, but the activation-only method
reports no final dormant units on LunarLander or Humanoid. NeuroSentry identifies
approximately 35-38% of LunarLander units and 10% of Humanoid units as dormant
because the composite score also considers magnitude, gradient, and Taylor signals. This
is the strongest evidence in the thesis for the practical value of multi-signal monitoring.

The same comparison also exposes an engineering limitation. A NeuroSentry callback
invocation is individually faster than a Sokar/ReDo evaluation, but NeuroSentry is
invoked after almost every training update rather than every 1000 environment steps. This
produces large end-to-end overhead on the two DQN tasks. The Humanoid wall-clock
measurements are anomalous and are not suitable for an overhead percentage claim,
which reinforces the need for controlled hardware conditions and reduced-frequency
monitoring.

6.2 Limitations

On this thesis, contains also several limitations that should be addressed:

e The experiments are observational. They show dormancy and fuzzy-risk
dynamics, but they do not yet test pruning, reinitialization, rejuvenation, or
expansion triggered by NeuroSentry.

e The current Dormancy Score weights are interpretable but heuristic. The
sensitivity analysis shows that weights matter, so future work should consider
task-adaptive or validation-driven weighting.

e The fuzzy rule base is manually designed. This is useful for interpretability, but it
should eventually be compared with learned neuro-fuzzy tuning or data-driven
calibration.

e The experiments evaluate diagnostic behavior rather than causal performance
improvement. Stronger claims require intervention studies that compare final
accuracy, reward, stability, and compute cost with and without NeuroSentry-
triggered adaptation.

e The sequence evidence uses Sequential MNIST as a controlled recurrent
benchmark. Longer temporal tasks, language models, and transformer feed-
forward blocks remain important next targets.

6.3 Future Work

The most direct next step is to use NeuroSentry as a control signal rather than only as a
monitor. Persistently high-risk neurons could trigger adaptive pruning, reinitialization,
rejuvenation, or expansion decisions. Medium-risk neurons could be watched for longer
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before intervention. Low-risk but old specialist neurons could be protected. This would
turn the current diagnostic framework into an adaptive architecture mechanism with
explicit intervention triggers.

A second direction is broader sequence and language modeling. The Sequential MNIST
experiment verifies the basic batch-time aggregation path, but recurrent layers and
transformer feed-forward blocks in longer tasks may show different dormancy behavior
because their activity depends strongly on token distribution and context. The next step
is to move from controlled image-row sequences to longer temporal datasets and,
eventually, language-model components.

A third direction is stronger reinforcement-learning intervention. The current thesis
includes matched six-million-step CartPole, LunarLander, and Humanoid comparisons,
but these experiments do not change the network in response to dormancy. The next step
is to align dormancy events with reward plateaus and test whether pruning,
reinitialization, rejuvenation, or expansion improves learning when triggered by
NeuroSentry. A reduced-frequency monitoring schedule should be evaluated at the same
time so that intervention quality and computational cost are measured together.

Finally, the fuzzy component can be expanded. The current system uses interpretable
membership functions and hand-designed rules. Future work could tune membership
parameters from data, compare type-1 and type-2 fuzzy systems, or use fuzzy masses
directly as uncertainty estimates for intervention decisions.

6.4 Conclusion

This thesis develops NeuroSentry as a neuron-level monitoring framework for identifying
emerging dormancy in adaptive neural-network settings. The Dormancy Score combines
activation frequency, activation magnitude, gradient activity, and Taylor importance,
while survival and hazard metrics describe the temporal evolution of inactive neurons.
The fuzzy-risk extension adds interpretability and early-warning behavior by modeling
dormancy as a gradual risk state.

The completed experiments show that multi-signal monitoring provides more diagnostic
information than fixed activation thresholds. Dense, convolutional, and recurrent
networks exhibit different sensitivity profiles, which reinforces the need for a balanced
score. Synthetic fuzzy life-cycle scenarios show how gradual risk, recovery, and
hysteresis can be represented clearly. The reinforcement-learning comparison also
demonstrates that the same monitoring tools can be integrated beyond standard
supervised training.

Overall, NeuroSentry provides a foundation for future adaptive mechanisms such as
neuron rejuvenation, pruning, freezing, and neurogenesis-inspired expansion. Its main
contribution is the measurement layer: before a network can adapt its structure
responsibly, it needs a reliable way to understand which neurons are healthy, which are
drifting toward dormancy, and which may be safely modified.
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