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Abstract—Individual neurons in deep neural networks undergo a rich, multi-stage lifecycle—from random initialization through 
progressive feature specialisation, potential degradation (dying, saturated, or dormant states), and possible recovery via modern 
regularization or architectural interventions. Understanding these dynamics is essential for reliable training, generalization, and 
interpretability. This paper presents a unified framework for the neuron lifecycle, formalizes five distinct phases—Birth, Activation, 
Specialization, Degradation, and Recovery or Death—and analyzes the mathematical underpinnings of each. We further provide 
empirical analysis across activation functions (ReLU, GELU, Swish, ELU), initialization schemes (Xavier, He, LeCun), and network 
depths (4–256 layers), revealing how hyperparameter choices interact with neuronal fate. Practical guidelines for diagnosing and 
mitigating pathological lifecycle outcomes are synthesized from recent literature. 

Keywords—neuron lifecycle; dying ReLU; gradient vanishing; weight initialization; activation functions; deep learning dynamics; 
batch normalization; dropout; residual connections. 

I. INTRODUCTION 

Modern deep networks may contain billions of neurons, yet 
the fate of individual computational units—how they specialise, 
stagnate, or die—remains incompletely understood. Early work 
on network pruning [1] implicitly acknowledged that not all neu-
rons are equally useful, while the “dying ReLU” phenomenon 
[2] demonstrated that neurons can become permanently inactive. 
More recent research on neural collapse [8] and grokking [9] 
reveals complex, non-monotone learning trajectories. 

Key Insight: A neuron’s lifecycle is the complete tem-
poral trajectory of its weights, activation statistics, gradi-
ent magnitudes, and functional contribution to the network’s 
computation—from parameter initialisation to convergence or 
permanent deactivation. 

The lifecycle framework organizes the vast literature on train-
ing dynamics into five actionable phases (Figure 1), each asso-
ciated with characteristic mathematical signatures and interven-
tion strategies. 

 

Figure 1: Overview of the five-phase neuron lifecycle model. Dashed 
arrows indicate intervention-driven recovery pathways. 

 
II. MATHEMATICAL FOUNDATIONS 

A. Neuron Model and Notation 

Consider a network with L layers. Neuron j in layer ℓ 
computes: 

where φ : R → R is the activation function, w(ℓ) the weight 

from neuron i in layer ℓ−1, and b the bias. 

a. Activation Rate 

The activation rate ρ(ℓ) of neuron j in layer ℓ is 

 

 
estimated over mini-batches. A neuron is dead if ρ(ℓ) ≈ 0 

and saturated if ρ(ℓ) ≈ 1 (for ReLU-type units). 

B. Gradient Flow and the Backpropagation Constraint 

The weight gradient is obtained via the chain rule: 
 

 
where δ (ℓ) is the error signal propagated back to layer ℓ. 

a. Theorem (Vanishing Gradient Bound) 
For a network with L layers, activation function φ with 

φ ′(z) C, and weight matrices with spectral norm W (ℓ)  2 
σ , the error signal satisfies 

 

 
so if Cσ < 1 for all layers the gradient vanishes exponentially 

in L. 
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C. Activation Functions and Their Lifecycle Impact 
 

Table 1: Activation functions: mathematical properties and 
lifecycle consequences. 

Function Formula Derivative Dead risk Sat. risk 
 

ReLU max(0, z) 1[z > 0] High None 
Leaky ReLU max(αz, z) α or 1  Low None 
ELU z or α(ez  1) 1 or αez Low Low 
GELU z Φ(z) Φ(z) + zφ (z) Very low Low 
Swish zσ (z) σ + zσ (1−σ ) Very low Low 
Sigmoid 1/(1 + e−z) σ (1−σ ) None Very high 
Tanh tanh(z) 1 −tanh2(z) None High 

 
 

 

 

Figure 2: Common activation functions plotted over z [ 4, 4]. 
ReLU creates a hard zero region (left half-plane) that can trap 

neurons in permanent inactivity. GELU and Swish provide smooth, 
nearly-everywhere nonzero gradients that reduce dead-neuron 

formation. 

 
III. PHASE 1 — BIRTH: WEIGHT INITIALIZATION 

 
A. Variance Preservation Principle 

The central goal of initialization is signal propagation: the 
variance of activations and gradients should be roughly pre-
served across layers. For a linear layer with nin inputs, output 
variance is: 

 

 
leading to the variance prescriptions in Table 2. 

Table 2: Initialization schemes and their target variances. 
 

Scheme Variance Optimal for Gain 

LeCun (1998) 1/nin Sigmoid, tanh 1 
Xavier/Glorot 
He (Kaiming) 
Orthogonal 

2/(nin + nout) 
2/nin 
via SVD 

Tanh, linear 
ReLU family 
RNNs, residual 

1 
√

2 
depends 

 
 

a. Proposition (He Initialization) 

For ReLU with E[a2] = 1 E[z2], setting Var[w] = 2/nin 
ensures Var[z(ℓ)] = Var[z(ℓ−1)] for all layers, preventing both 
explosion and vanishing at initialisation. 

B. Effect of Initialization on Early Activation Distribution 

 

Figure 3: Pre-activation distributions at layer 10 for three 
initialization variances. Too-small variances concentrate mass near 
zero; too-large variances lead to explosion. He initialization yields a 

unit-variance Gaussian, balancing both risks. 
 
 

IV. PHASE 2 — ACTIVATION DYNAMICS DURING 
TRAINING 

A. Effective Rank of Activation Patterns 

As training proceeds, neurons develop distinct activation 
patterns. The effective rank of the activation matrix A(ℓ) 

RB×nℓ is: 
 

 
where λi are singular values of A(ℓ). 

B. Gradient Norm Dynamics Across Depth 

 

Figure 4: Gradient norm trajectories (log10 scale). Plain networks 
suffer severe vanishing in early layers (red); ResNet skip connections 

(green) maintain stable gradients throughout. BatchNorm (cyan) 
further stabilises the gradient landscape. 

 
 

V. PHASE 3 — SPECIALISATION: FEATURE CODING 
 

A. Mutual Information and Representational Geometry 

During specialisation, neurons partition the input space into 
progressively abstract feature detectors. The mutual information 
I(Z(ℓ);Y ) between neuron j’s output and label Y is: 

 

∈ 
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Figure 6: Pre-activation distributions under three degradation modes. 
(a) Dying ReLU: distribution shifts entirely negative. (b) Saturated 
tanh: bimodal distribution at extreme values. (c) Dormant neuron: 

distribution collapses near zero. 
 
 

Neurons with I 0 are functionally dead even if activation 
rate ρ > 0. 

B. Hierarchical Feature Progression 

 

Figure 5: Hierarchical feature specialisation across network depth. 
Neurons in early layers encode low-level primitives with low mutual 
information with the target label; deeper neurons encode task-relevant 

abstractions. 
 
 

C. Polysemanticity and Superposition 

Recent work [11] demonstrates that individual neurons 
in language models often encode multiple unrelated features 
simultaneously—a phenomenon called polysemanticity. This 
occurs when the number of features exceeds the number of 
neurons: 

 

 
 

VI. PHASE 4 — DEGRADATION PATHWAYS 

A. Mode A: Dying ReLU 
A ReLU neuron enters a dead state when a large negative 

gradient update pushes the pre-activation z(ℓ) below zero for all 

C. Mode C: Dormant Neurons 

Neuron j is ε-dormant [10] if: 
 

 
 

D. Dead Neuron Propagation Across Layers 

Death is not local. If neuron j in layer ℓ dies: 
 

 

 

Figure 7: Dead neuron propagation across layers. Two dead neurons 
in layer ℓ cut gradient paths to all downstream neurons that receive 

input exclusively through them. 
 

 
VII. PHASE 4B — RECOVERY MECHANISMS 

 
A. Architectural Interventions 

a. Residual Skip Connections 
In ResNets [4], the identity shortcut provides a gradient 

highway: 
 

 
 

b. Batch Normalisation 
BatchNorm [5] re-centres pre-activations: 

inputs: 

 

 
after which φ ′(z(ℓ)) = 0 and the neuron is permanently dead 

under standard SGD. 

B. Mode B: Saturated Sigmoid/Tanh 

Saturation occurs at extreme pre-activations: 

 

 
Unlike dying ReLU, saturation is reversible. 

 

 
 

B. Regularization-Driven Recovery 

a. L2 Weight Decay 

 

 
b. Neuron Reset (ReDo Algorithm) 
The ReDo algorithm [10] periodically re-initialises dormant 

neurons using He initialisation. At each reset interval T , any 
neuron whose normalised mean activation falls below ε is re-
initialised with He weights and its outgoing weights set to zero 
to preserve network output. 
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Algorithm 1 ReDo: Recycling Dormant Neurons  

Require: Network fθ , dormancy threshold ε, reset interval T 
1: for each training step t do 
2: Compute gradient and update θ 
3: if t mod T = 0 then 
4: for each layer ℓ, neuron j do 

IX. UNIFIED LIFECYCLE MODEL: MATHEMATICAL 
SUMMARY 

A. State-Space Formulation 

We model each neuron’s lifecycle as a discrete-
time stochastic process on state space S = 
{Born, Active, Specialised, Dormant, Dead} with transi- 

5: a¯ j ← Ex[|a(ℓ)(x)|]
, 

 1 ∑k Ex[|a(ℓ)(x)|] tion matrix: 
j nℓ k 

6: if a  ̄j < ε then 

7: Re-init w(ℓ) ∼ He(nℓ−1) 
8: Set w(ℓ+1) ← 0 ▷ preserve output 
9: end if 

10: end for 
11: end if 

 12: end for  
 
 
 

 

Figure 8: Trajectory of dead-neuron percentage under various 
interventions. Plain ReLU accumulates dead neurons rapidly; Leaky 
ReLU, BatchNorm, and the ReDo reset algorithm each significantly 

attenuate this effect. GELU nearly eliminates the problem 
architecturally. 

 
VIII. DEPTH AND WIDTH: PHASE DIAGRAMS 

A. Empirical Phase Diagram 

where † denotes the absorbing Dead state. The survival 
probability is: 

 

 

 
B. Effective Capacity Loss 

Given n neurons in layer ℓ with dead fraction d(ℓ): 

 

 

 
X. PRACTICAL GUIDELINES 

 
Table 3: Decision matrix for lifecycle-aware network design. 

 

Loss plateau 
early 

Dormant neu-
rons 

Apply ReDo re-
set 

Renewed gradi-
ent signal 

Gradient 0 Vanishing gradi- 
ent 

Gradient ∞ Exploding gra- 
dient 

Skip connec-
tions / BN 
Gradient clip-
ping 

Stable training 

Stable updates 

Loss spikes Dead-alive cy-
cling 

Lower LR + BN Smooth conver- 
gence 

 
 
 
 
 
 
 
 
 
 
 

Figure 9: Empirical phase diagram of predominant neuron lifecycle 
outcomes as a function of depth L and width n for plain ReLU 

networks. The “ResNet zone” marks the region where skip 
connections shift the boundary toward healthy specialisation. 

Poor generalisa-
tion 

Polysemantic 
overload 

Wider network, 
MoE 

Cleaner repre-
sentations 

Symptom Diagnosis Intervention  Outcome 

High dead neu-
ron % 

Dying ReLU Switch 
GELU/ELU 

to Near-zero dead 
neurons 
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Figure 10: Recommended monitoring-intervention cycle for 
lifecycle-aware training. Practitioners should instrument networks 

with activation-rate histograms and per-layer gradient norms, cycling 
through diagnosis and intervention until healthy lifecycle statistics are 

achieved. 

 
XI. RELATED WORK 

The dying ReLU problem was first systematically studied by 
Maas et al. [2], who proposed Leaky ReLU as a remedy. He et al. 
[4] demonstrated that residual connections largely circumvent 
lifecycle degradation in very deep networks. Batch Normali-
sation [5] provides implicit protection by shifting distributions 
away from dead zones. 

Neural collapse [8] characterises the terminal phase of train-
ing where representations converge to a maximal-equiangular 
tight frame. Grokking [9] reveals that generalisation can emerge 
long after apparent training convergence. 

The dormant neuron phenomenon was formalised by Sokar 
et al. [10] in deep reinforcement learning, where the ReDo al-
gorithm provides effective recovery. Mechanistic interpretabil-
ity work [11] introduced the superposition hypothesis, refram-
ing polysemanticity as a direct consequence of the feature-to-
neuron ratio exceeding unity. 

 
XII. CONCLUSION 

We have presented a unified five-phase framework for under-
standing the lifecycle of individual neurons in deep networks. 
Key findings are: 

1. Initialization is destiny: the variance of initial weights 

determines whether neurons enter healthy activation orbits 
or immediately face degradation. 

2. Degradation is multi-modal: dying, saturated, and dor-
mant neurons arise from distinct mechanisms and require 
targeted interventions. 

3. Death propagates: dead neurons in a bottleneck layer 
block gradient flow to the entire preceding sub-network. 

4. Architecture is life insurance: skip connections, normalisa-
tion, and modern smooth activations substantially extend 
healthy neuron lifetimes. 

5. Monitoring is actionable: activation rate histograms and 
gradient norm tracking provide early warning signals. 

Future directions include extending the lifecycle framework 
to attention heads in Transformers, developing neuron health 
certificates for production models, and leveraging mechanistic 
interpretability tools to characterise the polysemantic lifecycle 
in large language models. 
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