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Abstract—Convolutional Neural Networks (CNNs) are increas-
ingly deployed in safety-critical embedded systems, where re-
liability against hardware faults is crucial. Traditional fault-
tolerance techniques rely on redundancy or fault-aware training,
both of which introduce computational or design overhead.
This paper presents a zero-cost approach to improve CNN
fault tolerance by exploiting implicit sparsity induced through
training dynamics. We show that tuning the learning rate during
training naturally promotes sparse internal representations that
act as fault masks, whose masking probability can be modeled
statistically, enhancing resilience without explicit fault injection.
We derive and experimentally validate a quantitative model
linking sparsity and fault masking, demonstrating a strong
linear correlation (r = 0.91) across four CNN architectures
and two standard datasets. Highly sparse models achieve up to
90% fault masking relative to standard training, while dynamic
batch-size co-scheduling mitigates accuracy loss and preserves
robustness. Beyond algorithmic effects, sparsity may reduce
Multiply-Accumulate (MAC) operations and switching activity
in hardware accelerators, potentially yielding energy efficiency
benefits. This work reframes CNN reliability as a property of
optimization dynamics rather than a post-training add-on.

Index Terms—Activation Sparsity, Fault Tolerance, Reliability,
Convolutional Neural Networks (CNNs), Training Dynamics,
Fault Injection, Hardware Accelerators, Deep Learning, Opti-
mization Dynamics, Fault Resilience.

I. INTRODUCTION

Deep learning models, particularly Convolutional Neural
Networks (CNNs), are at the core of modern computer vi-
sion systems deployed in safety-critical domains such as au-
tonomous driving, medical diagnostics, and aerospace control
[1]-[3]. In such contexts, even transient hardware faults during
inference can cause catastrophic system-level failures [4],
[S]. Ensuring that CNNs remain reliable under hardware
faults has therefore become a central research challenge. Two
main strategies dominate this landscape. The first relies on
redundancy-based hardening at the architectural or system
level [6], [7]l, which increases area, power, and latency. The
second approach, known as Fault-Aware Training (FAT) [8]-
[10], injects faults during training so that the network learns
to tolerate them. While effective, FAT substantially increases
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training time, complexity, and computational cost, making it
impractical for frequent model updates or on-device retraining.

In this work, we explore a third, orthogonal direction:
improving reliability by exploiting the training dynamics
themselves. We show that simple adjustments to the learning
rate naturally induce implicit activation sparsity in CNN
representations, which in turn enhances fault masking. This
effect arises without architectural changes or explicit regu-
larization. Our central hypothesis is that activation sparsity
reduces error propagation from weight or activation faults,
as inactive connections act as natural fault isolators. We for-
malize this intuition through a statistical model that describes
the probability of fault masking as a function of activation
sparsity. Under small perturbations, we show that the expected
masking probability grows approximately linearly with spar-
sity, providing a simple yet effective quantitative predictor
of reliability. We refer to this approach as implicit sparsity
training. Unlike redundancy or FAT-based methods, it requires
no additional computations, fault models, or retraining steps,
making it inherently scalable. Moreover, sparsity has potential
hardware benefits: zero-valued activations may reduce the
number of multiply—accumulate (MAC) operations, memory
accesses, and switching activity in digital accelerators [11],
[12], suggesting possible energy efficiency improvements on
sparse-aware platforms. Our contributions are threefold:

« We establish a quantitative link between training-induced
sparsity and CNN fault resilience across multiple archi-
tectures and datasets, supported by a statistical model
that predicts masking probability as a linear function of
sparsity.

« We provide an analytical interpretation of sparsity-driven
fault masking and propose normalized resilience metrics
to remove baseline accuracy bias.

o We discuss the broader implications of sparsity-induced
robustness, connecting software-level learning dynamics
to system-level reliability and efficiency.

This work positions reliability as an emergent property of
learning dynamics, reframing CNN robustness as a control-
lable outcome of the optimization process rather than an exter-
nal design constraint. The remainder of this paper is organized
as follows. Section [lIj reviews related work on CNN reliability



analysis. Section [III| introduces the proposed method, while
Sections describe the experimental setup and results.
Finally, Section concludes the paper and outlines future
research directions.

II. BACKGROUND AND RELATED WORK
A. CNN Reliability and Fault Injection Models

Hardware faults in AI accelerators can be broadly cat-
egorized as permanent or transient. Permanent faults arise
from physical degradation or manufacturing defects and are
typically modeled using the stuck-at fault abstraction, where
a bit or signal is permanently fixed at logic 1 or O [13].
Transient faults (soft errors) are temporary disruptions caused
by radiation or electromagnetic interference, often modeled as
random bit flips in memory or registers [14]-[16].

Recent systematic reviews have classified hardware relia-
bility assessment methods for DNNs into fault-injection (FI),
analytical, and hybrid approaches, highlighting that FI remains
the dominant methodology but also that platform-dependent
effects may significantly affect reliability estimates [14],
[17]-[19].

FI artificially emulates hardware faults at different ab-
straction levels. Simulation-based FI operates on high-level
or architectural models. Platform-based FI uses hardware
emulation or FPGA prototypes. Radiation-based FI exposes
real hardware to fault-inducing environments. The resulting
inference outcomes are categorized as masked, non-critical,
or critical (silent data corruption) depending on their impact
on the final output [[15]. While FI-based evaluation is essential
for understanding CNN fault behavior, it does not inherently
improve resilience—it only measures it. Most existing FI
frameworks are resource-intensive, require specialized hard-
ware, and offer limited insight into the underlying learning
mechanisms that influence resilience. More recently, model-
level fault tolerance has been questioned as a sufficient proxy
for accelerator-level reliability, since software-level robustness
may not always correlate with hardware-level behavior and
may introduce non-trivial efficiency side effects [18].

B. CNN Hardening Approaches

Existing fault-tolerance strategies for CNNs fall into two
broad categories: post-training hardening and fault-aware
training (FAT). Post-training methods introduce structural or
temporal redundancy to detect and mask faults. Examples
include selective hardening of vulnerable layers [7], [20],
duplication-based fault masking, or architectural redesigns
to enhance error resilience [6], [21]. While effective, these
approaches increase area, power, and latency, making them
unsuitable for edge deployment.

FAT integrates fault effects into the learning process [8]—
[10]. By injecting faults during training, the network learns
to compensate for their presence. FAT improves robustness
but incurs high computational cost and retraining time. Fur-
thermore, FAT requires predefined fault models and hardware
fault profiles, limiting its adaptability to real-world conditions.

Despite these advances, both categories rely on either ex-
plicit redundancy or direct fault modeling. Neither exploits
the inherent dynamics of the learning process as a reliability
driver.

C. Training Dynamics and Implicit Regularization

The training dynamics of neural networks refer to the
evolving behavior of weights, gradients, and activations during
optimization [22f. Factors such as the learning rate, optimizer
choice, and batch size govern how the network explores its pa-
rameter space and generalizes [23]]. Recent studies have shown
that training dynamics can implicitly regularize the network.
For instance, high learning rates can induce sparse feature
representations that improve generalization [24]], [25], while
specific optimizer—activation combinations such as Adam with
ReLU naturally promote group sparsity [26]]. Sparse repre-
sentations deactivate portions of the network—neurons or
channels that remain at or near zero during inference—which
has been widely exploited for model compression and prun-
ing [27]. Recent studies [28|] have linked training dynamics
to the test domain, showing that gradient regularization can
improve fault observability in CNNs. This suggested that
reliability may not only depend on architecture or redundancy,
but also on how a network learns.

D. Gap and Motivation

Existing methods improve CNN reliability either by mod-
ifying the architecture (redundancy) or by injecting artificial
faults (FAT). However, neither approach is intrinsically adap-
tive or hardware-efficient. The key unexplored question is
whether reliability can emerge naturally from the learning
process itself. Specifically, can training dynamics—without
external noise or redundancy—be tuned to produce rep-
resentations that inherently tolerate faults?

This work addresses that question by demonstrating that
learning rate modulation induces sparsity, which in turn re-
duces the propagation of hardware faults through the network.
Unlike FAT, the proposed approach achieves robustness with-
out fault injection or architectural modifications. It maintains
the standard training workflow, scales to any CNN archi-
tecture, and introduces no additional training overhead. By
reframing fault resilience as an emergent property of learning
dynamics, our method bridges the gap between optimization
behavior and hardware reliability.

III. PROPOSED METHODOLOGY
A. Motivation and Core Hypothesis

Prior studies have shown that higher learning rates during
training can implicitly induce sparse weights and activation
distributions due to stronger regularization effects and more
stochastic gradient dynamics [25]], [26]]. Such sparse represen-
tations deactivate subsets of neurons or channels, effectively
pruning redundant signal paths. We hypothesize that this
emergent sparsity provides a natural fault isolation mechanism.
When a fault corrupts a weight or activation belonging to an
inactive (zero-valued) pathway, its impact on the output is



negligible. Hence, sparsity acts as a statistical fault mask, re-
ducing the propagation energy of fault-induced perturbations.

Formally, consider a linearized layer y = Wax affected
by small fault-induced perturbations. The first-order output
deviation can be written as

Ay~W Az + AW z, (1

where W and «x are the nominal weights and inputs, while AW
and Az denote perturbations affecting weights and activations,
respectively. In the fault-injection campaign considered in this
work, faults are injected in the stored weights. Therefore, the
dominant perturbation term is AWz, while Az = 0 for the
injected fault model. If a fraction s of activation channels
is inactive, only the remaining active fraction (1 — s) can
propagate weight perturbations to the layer output. Under
the standard assumptions that fault locations are independent
of the input activations, that perturbations are zero-mean,
and that the second moment of non-zero activations remains
comparable across configurations, the expected squared output
deviation scales as

Eoaw [1AY]3] = Eoaw [[AW ]3] o (1—5) Eaw [[|AW||7]

2)

Here, E[] denotes the statistical expectation over input
samples, fault locations, and fault values. We refer to ||Ay||3
as perturbation energy, meaning the squared magnitude of
the output deviation. Architecture-dependent constants, layer
dimensionality, and the average squared magnitude of active
activations are absorbed into the proportionality term. Thus,
Eq. (2) does not introduce a separate energy operator; it simply
states that activation sparsity reduces the expected magnitude
of fault-induced output perturbations by removing inactive
propagation paths. A fault is considered masked when its effect
on the output remains below a decision threshold 7, so that the
predicted class does not change. Assuming the perturbations
follow a zero-mean distribution with variance proportional to
the energy in (2), the masking probability can be expressed as

M= (s <n) = (=), ®
OAy
where F(-) is the cumulative distribution function of the
perturbation amplitude and 03, o (1 — 5). Here, oa, denotes
the standard deviation of the perturbation, and the variance
O'QAy scales proportionally to (1 — s). The function F(-) is
used as a generic cumulative distribution function and does
not require assuming a specific normal distribution.
Expanding F'(-) around its nominal operating point yields
a first-order approximation:

M(s) = My + as, “)

where M, represents the baseline masking ratio in dense
networks and « quantifies how strongly robustness increases
with sparsity.

The parameters M, and « are therefore empirical coeffi-
cients: My captures the baseline masking capability of a dense
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Fig. 1: Overview of the proposed implicit sparsity framework.

or weakly sparse network, while o captures the sensitivity of
masking probability to activation sparsity.

Intuitively, Equation describes how sparsity reduces the
expected energy of fault perturbations, while the linear model
M (s) translates this attenuation into a statistical increase
in masking probability. This connection links the physical
attenuation of fault effects to the empirical masking behavior
observed in Section [V=Al

B. Framework Overview

Fig. [1| summarizes the proposed workflow. The procedure
consists of four steps:

1) Training: Each CNN is trained multiple times while
varying learning rate 7, optimizer, and batch-size sched-
ule.

2) Sparsity Profiling: After training, sparsity s is com-
puted from the penultimate-layer activations as the frac-
tion of near-zero channels.

3) Fault Injection: Trained models undergo a SFI cam-
paign where random bit-level stuck-at faults emulate
permanent hardware errors [|14].

4) Resilience Metrics: Faults are categorized as masked,
non-critical, or critical [[15], and accuracy degradation
(regret) is recorded.

C. Learning Dynamics as a Reliability Lever

The central control variable in this study is the learning
rate (). Increasing n amplifies gradient noise and param-
eter oscillations, which empirically leads to sparse feature
activation [24)]. However, excessive learning rates may cause
instability or loss of accuracy. We therefore explore a trade-off
space:

Robustness Gain G,-(n) 1 vs. Accuracy Loss Lo (n) 1 .

Empirically, moderate 7 values (e.g., 1072-10~1) yield opti-
mal fault-masking ratios while keeping the accuracy loss be-
low 2%. To mitigate over-regularization, we adopt a dynamic
batch-size schedule that complements learning-rate decay and
preserves both convergence stability and induced sparsity.
Details and motivations are given in Section Pseudocode
in Algorithm |1| outlines the full training process.



Algorithm 1 Implicit Sparsity Training for CNN Reliability

1: Input: Dataset D, CNN model M, base learning rate 7,
decay rate v, batch schedule {B;}

2: for epocht =1 to T do

3 Update learning rate: 1; = 19 - e~

4 Update batch size: By = B;_1 - VB

5: Train M on D using Adam or SGD (7, B;)

6: end for

7: Measure activation sparsity s in the penultimate layer.

8: Perform fault injection on weights to evaluate masking
ratio M (s).

9: Output: Trained model M*, sparsity level s, fault-
masking metrics.

D. Advantages over Fault-Aware Training

Compared to FAT and redundancy-based hardening tech-

niques, implicit sparsity training offers the following benefits:

o No explicit fault model: Robustness emerges naturally,
without assuming specific fault types or locations.

e Zero training overhead: No fault injection or re-training
phase is required.

« Architectural transparency: The network structure and
training flow remain unchanged, making the approach
easily applicable to existing CNNs.

This formulation elevates fault tolerance from a post-design
feature to an inherent outcome of the training-loop optimiza-
tion process. The proposed method differs from FAT in the
mechanism by which robustness is induced. FAT explicitly
injects faults during training, so the optimization process di-
rectly adapts the weights to a predefined fault model, fault rate,
and injection policy. In contrast, our method never exposes
the network to faulty computations during training: robustness
emerges indirectly from the sparse activation patterns induced
by the learning-rate and batch-size dynamics. Therefore, the
method is less fault-model-specific than FAT, but also less
targeted. A controlled same-architecture comparison with FAT
is outside the scope of this work and is left as future work;
the comparison reported here should be interpreted as method-
ological rather than as a direct performance ranking.

IV. EXPERIMENTAL SETUP AND EVALUATION
A. Experimental Configuration

We evaluate four CNN architectures representative of mod-
ern deployment scales:
« ResNet-9 and ResNet-18 [29]: deep residual models with
different depth-to-parameter ratios;
o MobileNetV2 [30], [31]: an efficient lightweight archi-
tecture for embedded inference;
o« HCGNet-A2 [32]: a gated hybrid-connectivity CNN op-
timized for dense classification.
ResNet-9, ResNet-18, and MobileNetV2 are trained on
CIFAR-10, whereas HCGNet-A2 is trained on CIFAR-100.
For each model, we train variants by varying the learning
rate € {1073,1072, 107!}, while keeping other parameters

constant unless explicitly noted. The optimizer is Adam for
ResNet and MobileNet, and SGD for HCGNet. Batch sizes
are set to 64 by default with optional batch-size scheduling
(Section [IV-E). Training is conducted for 100 epochs using
CIFAR-10 and CIFAR-100 [33]] with data augmentation (ran-
dom crop and rotation). The learning rate decays exponentially
with a factor v = 0.09 every five epochs. All networks were
trained and evaluated in FP32 precision.

B. Sparsity Measurement

To measure the induced sparsity level s, we analyze activa-
tions in the penultimate layer (pre-classification embeddings).
For each input image, the number of non-zero features is
computed; a feature channel is considered inactive if its 99th-
percentile activation magnitude across the training set is zero.
The global sparsity level is thus defined as:

Ny

s=1—— Z 1{activation; > 0}, 5
i=1

where Ny is the number of embedding features. Figure
shows where we computed s. It is important to note that the
sparsity analyzed in this work refers to the activation sparsity
of feature embeddings rather than weight sparsity. Hence, the
fault-masking behavior originates from the dynamic deactiva-
tion of neurons during training, not from pruning or zeroing
of parameters.

The sparsity is measured at the penultimate layer because
this layer provides an architecture-independent representation
of the feature embedding directly used by the classifier. Earlier
convolutional layers have architecture-specific spatial dimen-
sions and channel structures, making cross-model comparison
less direct. The penultimate embedding therefore offers a
consistent proxy for representation-level sparsity. This choice
does not imply that sparsity is absent or irrelevant in earlier
layers; rather, it provides a common measurement point for
correlating training dynamics with fault masking.

C. Fault Injection Campaign

An SFI [14] process was used to validate the robustness of
the trained models. Permanent faults are modeled as bit-level
stuck-at conditions applied to FP32 parameters in memory.
While this abstraction operates above the hardware microar-
chitecture, it remains consistent with the memory-level fault
manifestation discussed by Chatzopoulos et al. [34]], who
demonstrate that software-level fault injection can under- or
overestimate Silent Data Corruption (SDC) rates by up to 4x
if hardware timing and data-path dependencies are ignored.
Our approach focuses on algorithmic fault masking rather
than device-level propagation, making the bit-level abstraction
suitable for analyzing resilience trends in CNNs. A total of
about 16,640 random bit-flip faults are injected across all
layers to estimate the resiliency metrics with an error margin
e = 0.01 and confidence level of 0.99. Faults are distributed
proportionally to each layer’s parameter count, assuming the
single fault assumption (no simultaneous faults). Each injected
fault is categorized following the framework in [[15]]:
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Fig. 2: Sparse ResNet18. Activation sparsity is computed in the penultimate layer, representing the feature embeddings extracted
by the network, and not in the network weights. Inactive neurons (red circles) correspond to zero-valued activations that do

not contribute to the output.

o Masked: Output identical to fault-free inference.

o Non-critical: Output differs in confidence but not in
predicted class.

e Critical: Output misclassified (silent data corruption).

The workload [16], [[17] for the SFI process is the whole fest
set for all the datasets under evaluation.

D. Evaluation Metrics
For each configuration, we report:
o Clean Accuracy (A.): fault-free classification accuracy.
 Faulty Accuracy (Ay): accuracy under fault injection.
o Normalized Resilience:

Ay

A’
which mitigates bias from reduced baseline accuracy

o Sparsity Level (s): proportion of inactive embedding
channels.

e Masked Fault Ratio ()): proportion of injected faults
that produce no output deviation.

R, = (6)

The metrics are computed on the fest set for each of the
datasets under evaluation.

E. Batch-Size Scheduling and Dynamic Stability

To mitigate over-regularization and instability at high learn-
ing rates, we employ a dynamic batch-size scheduling strat-
egy. The dynamics of SGD can be described by a stochastic
differential equation whose noise scale is defined as g =
nN/B, where 7 is the learning rate, N the dataset size,
and B the batch size [35]]. This noise term determines the
stochasticity of the training dynamics: larger batches reduce
gradient noise, while smaller batches increase it, influencing
both convergence stability and the flatness of the resulting min-
ima. In our framework, 1 and B are co-scheduled throughout
training. We begin with a large learning rate and a large batch
size to ensure stable convergence during the early stages, then
progressively decrease both to increase gradient stochasticity
as training progresses. Specifically, the batch size starts at 512

and decreases by a factor yg = 0.8 every ten epochs. This
controlled noise amplification acts as an implicit regularizer,
preventing over-smoothing and promoting neuron deactivation.

Our approach conceptually reverses the principle introduced
by Smith er al. [36]], who demonstrated that increasing the
batch size during training can replicate the effects of learning-
rate decay, leading to faster convergence and fewer param-
eter updates. While their goal was optimization efficiency,
our objective is robustness enhancement. By progressively
decreasing the batch size instead, we maintain a moderate level
of gradient noise in later epochs, which counteracts excessive
regularization and promotes activation sparsity.

Jointly decreasing both the learning rate and batch size
thus establishes a balance between convergence stability and
stochastic exploration. This anti-annealing regime yields flat-
ter, sparser, and more fault-resilient minima.

V. EXPERIMENTAL EVALUATION
A. Quantitative Results and Analysis

Table Il summarizes the results obtained across all CNN
architectures and training configurations. Increasing the learn-
ing rate consistently raises activation sparsity and fault mask-
ing, confirming that the learning dynamics directly affect
robustness. For ResNet9, the proposed dynamic batch-size
scheduling achieves the best trade-off between accuracy and
fault tolerance, demonstrating that co-decaying the learning
rate and batch size stabilizes training at high sparsity levels.

The observed trends are consistent across all networks:

o Fault masking M increases almost linearly with sparsity
s, validating the analytical model introduced in Sec-
tion [II=Al

e Normalized resilience R, remains above 97% for all
configurations, demonstrating that improved robustness
is not due to degraded baseline accuracy.

e The accuracy reduction associated with higher learning
rates (< 2%) is comparable to the drop reported in
prior Fault-Aware Training (FAT) methods [8]], [9], but



TABLE I: Effect of learning rate on performance and fault-
type distributions across architectures.

LR Ac (%) Af (%) Rn (%) M (%) Nc (%) C (%) s (%)

MobileNetV2 (CIFAR-10)

0.001 90.9 88.7 97.5 24.8 72.6 25 1.9
0.01 90.6 88.7 97.9 58.5 39.4 21 851
0.1 89.9 87.5 97.3 82.6 14.7 27 988
ResNet18 (CIFAR-10)

0.001 92.7 90.5 97.6 379 59.8 23 0.0
0.01 91.6 90.0 98.3 67.2 31.0 1.8 225
0.1 90.5 89.5 98.9 90.7 8.2 1.1 99.0
ResNet9 (CIFAR-10)

0.001 91.4 88.9 97.3 21.8 75.5 2.8 0.0
0.01 92.5 90.3 97.6 37.1 60.4 25 0.0
0.05 (BS Sc.) 90.7 88.8 97.9 74.1 23.8 21 527
HCGNet-A2 (CIFAR-100)

0.01 82.4 81.4 98.8 23.0 75.7 1.3 0.0
0.05 79.6 78.6 98.8 35.8 63.0 12 152
0.1 75.3 74.9 99.4 74.5 24.9 0.6 553

Note: Ac./Ay denote clean/faulty accuracy; R, = 100 - Af/A. is
normalized resilience. M, N., and C denote masked, not-critical,
and critical-fault ratios; s is activation sparsity. For ResNet9, the
third row uses dynamic batch-size scheduling to illustrate the best
accuracy-robustness balance.

TABLE II: ResNet9 ablation: impact of dynamic batch-size
scheduling (“BS Sched.”) compared to static batch sizes
(‘4BS’7).

Configuration Ac (%) Ay (%) Rn (%) M (%) s (%)
0.05 (BS 256) 88.6 86.9 98.1 79.7 62.5
0.05 (BS Sched.) 90.7 88.8 97.9 74.1 52.7
0.09 (BS 128) 85.9 83.9 97.6 86.0 92.2
0.095 (BS Sched.) 88.8 86.7 97.6 81.0 713
0.1 (BS Sched.) 88.5 86.4 97.7 82.4 83.6

achieved here without any explicit fault injection or
redundancy mechanisms.

In our analysis, a fault is considered masked when it does
not alter the output probability vector, not just the predicted
class. As shown in Table [I] increasing sparsity reduces the
share of Not-Critical faults while increasing Masked ones,
whereas Critical (SDC) faults remain stable or slightly de-
crease. This indicates that sparsification progressively trans-
forms previously non-critical faults into fully masked events,
consistent with the proposed model in which reduced pertur-
bation energy (E[||Ay||?] o< 1—s) lowers the probability that
small deviations affect the output.

Table [[I| further isolates the effect of batch-size scheduling.
When trained with a high learning rate, static batches show re-
duced accuracy despite strong fault masking. Empirically, the
co-scheduling of 1 and B restores accuracy, while improving
sparsity and fault masking compared to fixed-batch training.

B. Analytical View of Sparsity-Induced Fault Masking

A cross-architecture regression over all configurations re-
veals a clear linear relationship between activation sparsity s

and the proportion of masked faults M. The fitted model,
M (s) =~ 33.140.58s, 7

achieves R? = 0.83 and a Pearson correlation coefficient
r = 0.91. This strong linear dependence demonstrates that
sparsity is a dominant, architecture-independent predictor of
fault resilience. On average, every 10% increase in sparsity
yields approximately a 6% improvement in fault masking.
The nonzero intercept (M ~ 33%) indicates that even dense
networks exhibit inherent fault-masking capability, likely due
to intrinsic redundancy in convolutional layers (also observed

in literature [28], [37]).
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Fig. 3: Panels (a)—(f) show distributions of non-zero activa-
tions for increasing learning rates. Higher learning rates yield
progressively sparser feature embeddings, suppressing non-
relevant feature channels. This confirms that training dynamics
can implicitly drive activation sparsity, yielding sparse activa-
tion patterns correlated with higher fault masking.

Figure [3illustrates how increasing the learning rate induces
sparsity in the feature embeddings. The distribution of non-
zero activations shifts sharply toward zero, confirming the
implicit regularization effect that underpins the observed ro-
bustness trend.

VI. CONCLUSIONS AND LIMITATIONS

This study demonstrated that fault resilience in CNNs can
be tuned through training dynamics rather than architectural



modifications. By framing the process via the noise-scale
formulation of SGD [35], we showed that learning-rate and
batch-size co-scheduling controls the level of sparsity and,
consequently, the network’s inherent ability to mask faults.
The proposed anti-annealing regime maintains sufficient gra-
dient noise to enhance robustness while limiting accuracy
degradation. Traditional reliability research has relied on post-
training redundancy or FAT [7], [9], [20]. In contrast, our
approach introduces no explicit fault model, fault injection,
or hardware changes. Reliability instead emerges naturally
from the optimization process: by regulating sparsity through
learning dynamics, the network does not change its archi-
tecture but converges toward a sparse feature representation
of the input data. This representation-level sparsity, rather
than parameter pruning, enables the model to self-organize
into a compact yet fault-tolerant configuration. Robustness
stems from the structure of feature representations rather
than parameter pruning. Our results should be interpreted
as evidence of representation-level algorithmic masking. This
work opens the door to dynamic reliability modeling, where
masking probability evolves with training dynamics. While
results are consistent across multiple CNNs and datasets,
further evaluation on quantized and mixed-precision models
would strengthen generality. Future work will extend the anal-
ysis to microarchitectural fault simulations [34] and explore
theoretical models for optimal co-scheduling of (7, B).
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