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Abstract—Backpropagation is the cornerstone of neural net-
work training, yet its reliance on instantaneous neuron activa-
tions makes gradient updates sensitive to noise and short-term
fluctuations. This motivates the need for incorporating neuron-
level temporal context into the learning process. This paper
proposes context-aware backpropagation (CABP), a variant of
the standard backpropagation algorithm that augments gradient
computation with neuron activation history, enabling temporally
contextualized updates while preserving the original forward
pass, loss function, and optimization framework. The proposed
method maintains a lightweight activation history for each
neuron using an exponential moving average (EMA), capturing
long-term activation behavior across training iterations. During
the backward pass, gradients are adaptively modulated based
on this activation history, reinforcing neurons that consistently
contribute to learning while attenuating updates for neurons that
contribute weakly or are noisy. As a result, CABP achieves lower
training loss in fewer iterations, indicating faster convergence
and improved optimization efficiency, particularly for large-scale
and high-dimensional datasets. Importantly, CABP preserves
the same asymptotic computational complexity as standard
backpropagation and requires only minimal additional memory
for storing activation history. Unlike adaptive moment-based
optimizers, CABP avoids parameter-wise moment estimation
while delivering stable, robust, and well-generalized learning
dynamics.

Index Terms—Gradient contextualization, backpropagation,
neuron activation history, adaptive gradient scaling, neural net-
work optimization, dynamic neural network

I. INTRODUCTION

Backpropagation remains the fundamental learning mech-
anism for training neural networks; however, its gradient
updates depend solely on instantaneous activations and er-
ror signals [1]. Such short-term dependency makes learning
sensitive to noise, data imbalance, and unstable neuron partic-
ipation—particularly in deep networks where some neurons
become consistently active while others remain passive or
underutilized. Passive neurons, especially under ReLU-like
activations, often receive weak or zero gradients and thus
contribute little to representation learning [2].

Recent advances have focused on reshaping gradient be-
havior to improve stability and generalization. These in-
clude sharpness-aware optimization [3], gradient centralization
[4], adaptive clipping [5], sign-based optimizers [6], and
lightweight second-order methods [7]. While effective, these

approaches primarily operate on gradient statistics (norms,
moments, and curvature) or optimizer dynamics, without ex-
plicitly considering neuron-level activation behavior over time.

Consequently, existing methods overlook a critical aspect
of deep learning: the temporal consistency of individual neu-
ron activations across training iterations. Prior studies have
shown that sparse and intermittent neuron firing—common
in ReLU-based deep networks—can lead to uneven gradient
flow and biased feature learning, where only a subset of
neurons dominates representation learning [2], [8]. Neurons
that are sporadically active tend to introduce high-variance
or noisy gradients, while consistently informative neurons
are treated indistinguishably from transient contributors under
standard backpropagation [9]. This absence of neuron-wise
temporal context restricts backpropagation’s ability to differ-
entiate stable contributors from weak or noisy participants, a
limitation that becomes more pronounced in deep and over-
parameterized architectures [10].

This paper proposes CABP, an efficient backpropagation
variant that incorporates historical neuron activation informa-
tion to enable context-aware gradient modulation. By contextu-
alizing gradient updates using historical neuron activity, CABP
reinforces consistently useful neurons while suppressing noisy
or weak contributors, thereby reducing gradient variance and
improving learning stability—without altering the forward
pass, loss function, or optimizer.

The remainder of this paper is organized as follows. Sec-
tion II reviews recent advances in backpropagation and op-
timization techniques, highlighting their strengths and lim-
itations with respect to gradient stability and neuron-level
learning dynamics. Section III introduces the proposed CABP
framework and details its integration into the backward pass.
Section IV presents experimental results and comparative
analyses against standard and recent optimization methods.
Finally, Section V concludes the paper and outlines potential
directions for future research.

II. LITERATURE REVIEW

Gradient-based learning through backpropagation remains
the foundational mechanism for training deep neural networks
due to its generality and computational efficiency [1]. Over the
years, numerous extensions have been proposed to improve



convergence speed, stability, and generalization. Stochastic
gradient–based methods introduce mini-batch sampling to im-
prove scalability and robustness in large-scale learning settings
[11], [12], while momentum-based techniques accumulate past
gradient information to accelerate optimization along consis-
tent descent directions and reduce oscillations [16]. Adaptive
optimization algorithms such as AdaGrad [12], RMSProp [13],
and Adam [14], [15] further enhance training by dynamically
adjusting learning rates using first- and second-order gradient
statistics.

To mitigate gradient instability in deep or recurrent archi-
tectures, techniques such as gradient clipping [26] and layer-
wise adaptive scaling methods, including LARS and LAMB
[27], have been introduced to control update magnitudes under
large batch or high-curvature settings. Recent extensions, in-
cluding per-example gradient clipping for differentially private
learning and fast clipping frameworks, further refine gradient
control at the sample level but remain focused on norm-
based constraints rather than neuron behavior [24], [25]. In
parallel, normalization and regularization strategies such as
batch normalization [25], layer normalization, and dropout
[28] stabilize training by reshaping activation distributions
or reducing neuron co-adaptation. While effective, these ap-
proaches primarily influence the forward pass or operate on
global, layer-wise, or sample-level gradient statistics, without
explicitly modeling the temporal contribution of individual
neurons during learning. Separately, studies on sparse acti-
vations and rectified networks have shown that neuron partic-
ipation during training is highly uneven, with a small subset
of neurons dominating representation learning while many
remain intermittently active or persistently passive [2], [23].
This imbalance is particularly pronounced in deep and over-
parameterized networks, where sporadically active neurons can
inject noisy gradients yet are treated equivalently to consis-
tently informative neurons under standard backpropagation.
Existing optimization and regularization techniques do not
explicitly capture this neuron-wise temporal behavior.

More recent efforts have explored structural modifications
to backpropagation itself, including dense backpropagation
for sparse Mixture-of-Experts routing and combined gradient-
shaping strategies [28]- [30]. However, these methods are often
architecture-specific or operate at coarse granularity, and none
leverage per-neuron activation history as a guiding signal for
gradient computation.

This gap highlights a fundamental limitation of current
learning algorithms: the absence of neuron-level temporal
context in the backward pass. While momentum-based meth-
ods accumulate historical gradients and adaptive optimizers
rescale updates using gradient moments, they do not incorpo-
rate the historical activation behavior of individual neurons.
Consequently, gradient updates remain sensitive to short-term
fluctuations rather than being guided by long-term neuron
usefulness.

To address this limitation, CABP introduces a lightweight
and general mechanism that integrates neuron-level activation
history directly into the backpropagation process. It maintains

a per-neuron exponential moving average of activations and
uses this historical context to modulate gradient updates,
reinforcing consistently informative neurons while attenuating
noisy or weak contributors. Unlike optimizer-level methods
such as Adam or SAM, CABP operates within the back-
propagation mechanism itself and does not alter the forward
pass, loss function, or optimization objective. As a result,
CABP provides a principled, interpretable, and complementary
enhancement to existing gradient-based learning techniques,
particularly suited for deep supervised networks with sparse
and imbalanced neuron activations.

III. PROPOSED METHOD

This section introduces Context-Aware Backpropagation
(CABP), a variant to the standard backpropagation that in-
corporates neuron activation history into the gradient update
process. By maintaining an EMA of neuron activations, CABP
adaptively scales neuron-wise gradients during the backward
pass, enabling more stable and context-aware learning without
altering the forward computation or the optimizer. The basic
working of CABP is shown in fig. 1.

Fig. 1. CABP training workflow with gradient contextualization based on
neuron activation history

Let D = {(xi,yi)}Ni=1 denote a supervised dataset of N
samples, where xi ∈ Rd is the input vector and yi ∈ RC

is the target vector. Consider an L-layer feedforward neural
network with layer index set I = {1, 2, . . . , L} and param-
eters, θ = {W(l),b(l)}l∈I , where W(l) ∈ Rnl×nl−1 and
b(l) ∈ Rnl denote the weight matrix and bias vector of layer
l, respectively. Here nl ∈ N denotes the number of neurons in
layer l, i.e., layer l contains nl neurons. For an input sample



xi, the pre-activation and activation vectors at layer l are given
by:

z(l) = W(l)a(l−1) + b(l), ∀ l ∈ I, (1)

a(l) = ϕ
(
z(l)

)
, ∀ l ∈ I, (2)

where a(0) ≡ xi represents the activation of the input layer
(l = 0), which contains no learnable parameters and directly
passes the input features to the network. This definition enables
the forward propagation equations to be written in a unified
form for all layers, while ϕ(·) denotes a nonlinear activa-
tion function (e.g., ReLU [2]). During training, each layer
l maintains an activation history vector, H(l) ∈ Rnl , which
summarizes the long-term activation behavior of individual
neurons and is subsequently used to contextualize gradient
updates in the backward pass.

The following subsections describe CABP in detail, includ-
ing forward propagation, activation history modeling, gradient
contextualization, and optimization.

A. Forward Pass and Warm-up Phase
The forward pass in CABP is identical to that of standard

backpropagation. For a mini-batch B ⊂ D of size B, activa-
tions are computed layer-wise for all layers l = 1, . . . , L and
for all samples in B. The network output at the final layer,
a(L), is then used to evaluate the mini-batch loss as:

LB =
1

B

∑
(xi,yi)∈B

ℓ(a
(L)
i ,yi), (3)

where ℓ(·, ·) denotes a suitable loss function, such as mean
squared error for regression tasks or cross-entropy loss for
classification problems. The corresponding output layer error
is computed as:

δ(L) =
∂LB

∂z(L)
, (4)

which serves as the starting point for the backward propagation
of errors. To ensure stable neuron activity statistics, CABP
uses a warm-up phase of Tw iterations during which gradient
scaling is disabled. During this phase, neuron activations are
accumulated to initialize the activation history, but all gradients
remain unscaled. Here, Tw denotes the number of initial
training iterations (mini-batches) dedicated to stabilizing the
exponential moving averages of neuron activations prior to the
application of CABP scaling, with training steps indexed as
t = 1, 2, . . . , Tw. This warm-up phase allows the activation
history to reflect stable neuron behavior rather than noisy
early-training responses, thereby improving optimization sta-
bility and avoiding premature amplification or suppression of
gradients.

B. Activation History Modeling
Following the forward pass, CABP models neuron activity

by maintaining a neuron-wise exponential moving average of
activations. At iteration t, given a mini-batch B, the mean
absolute activation of neuron j in layer l is computed as:

ā
(l)
j (t) =

1

|B|
∑
i∈B

∣∣∣a(l)i,j(t)
∣∣∣ , ∀ l = 1, . . . , L, (5)

where a
(l)
i,j(t) denotes the activation of neuron j in layer l

for sample i at iteration t. The batch-averaged quantity ā
(l)
j (t)

provides a stable estimate of neuron activity used to update
the activation history. The activation history is then updated
using an exponential moving average:

H
(l)
j (t) = βH

(l)
j (t−1)+(1−β) ā(l)j (t), ∀ l = 1, . . . , L, (6)

where β ∈ (0, 1) controls the temporal memory of past
activations. To mitigate initialization bias during early training
iterations, a bias-corrected activation history is computed as

Ĥ
(l)
j (t) =

H
(l)
j (t)

1− βt
, ∀ l = 1, . . . , L. (7)

This activation history provides a stable estimate of long-
term neuron activity and is subsequently used to contextualize
neuron-wise gradient updates during backpropagation.

C. Gradient Contextualization and Neuron State Identification

Building on the activation history modeling described in
the previous subsection, CABP leverages neuron-wise histor-
ical activity to both identify neuron states and contextualize
gradient updates during backpropagation.

Fig. 2 presents a network-level view of CABP, illustrating
how activation histories accumulated across layers are used
to modulate gradient flow during the backward pass without
altering the forward computation or loss function. After the
warm-up phase (t ≥ Tw), the bias-corrected activation history
Ĥ

(l)
j (t) of each neuron j in layer l is utilized to guide neuron-

specific learning dynamics.

Fig. 2. Network-level illustration of CABP showing how neuron activation
history is used to scale layer-wise gradients during backpropagation in a fully
connected neural network

a) Active and Passive Neuron Identification.: Neurons
are classified as either active or passive based on their sus-
tained activity patterns. Specifically, for each neuron j in layer
l (j = 1, . . . , Nl; l = 1, . . . , L) at iteration t, the state is
defined as:

State(l)j (t) =


Active, if Ĥ(l)

j (t) ≥ τH

∧ |a(l)j (t)| ≥ τA

∧ ∥W(l)
j,: ∥ ≥ τW ,

Passive, otherwise,

(8)

where the thresholds τH , τA, and τW are typically set based
on the mean and standard deviation of historical activations,



current activations, and weight norms, respectively. In practice,
these thresholds are implemented as fixed empirical values. In
this study, τH , τA, and τW are set to a common value of
0.05 for simplicity while maintaining effective neuron state
separation.

b) Gradient Contextualization.: Following neuron state
identification, CABP computes a neuron-specific gradient scal-
ing factor:

S
(l)
j (t) =

{
1 + α Ĥ

(l)
j (t), if Active,

β, if Passive,
∀ l, ∀ j, (9)

where α > 0 amplifies updates for consistently influential
neurons and 0 < β < 1 attenuates gradients associated with
weakly active or noisy neurons.

Let θ denote a generic trainable parameter associated with
neuron j in layer l. The standard backpropagation gradient
∇θ(t) = ∂L(t)/∂θ, computed via the chain rule, is contextu-
ally modulated as:

∇θCABP(t) = S
(l)
j (t)∇θ(t). (10)

In practice, this contextual scaling is applied explicitly to
the weight vectors and bias terms of each neuron:

∇W(l)
j,: (t)← S

(l)
j (t)∇W(l)

j,: (t), (11)

∇b(l)j (t)← S
(l)
j (t)∇b(l)j (t). (12)

The resulting CABP-scaled gradients are subsequently
passed to the optimizer, together with the effective learning
rate ηeffective(t).

Fig. 3 provides a neuron-level view of this mechanism,
highlighting how activation history directly influences gradient
scaling for individual neurons.

Fig. 3. Neuron-level view of CABP where neurons with high activation
history receive amplified gradient updates, while low-activity neurons undergo
dampened updates

D. Hyperparameter Settings

CABP introduces four key hyperparameters that jointly
control how historical neuron activity influences learning dy-
namics: the EMA coefficient βj , the gradient scaling strength
λ(t), the learning rate η, and the warm-up duration Tw.

• The EMA coefficient βj , which determines how much
past activation history is retained for each neuron, is
constrained to lie between 0 and 1, 0 < βj < 1.

βj =

{
βhigh, if activation variability is high (noisy neuron),
βlow, if activation variability is low (stable neuron),

(13)

• The warm-up duration Tw specifies the initial iterations
used to gather reliable activation statistics.

Tw =

{
k · NB , for large or high-variance datasets,
N
B , otherwise,

(14)
where N is the total number of samples, B is the batch
size, and k ∈ [1, 5] scales the warm-up for high-variance
datasets.

• The scaling factor λ(t) modulates the impact of activation
history on gradients, starting minimal during the warm-
up phase and gradually increasing as neuron activity
stabilizes.

λ(t) =

{
0, t < Tw (warm-up)
t−Tw

τ , t ≥ Tw (gradual ramp-up)
(15)

where τ is the ramp-up duration and t is the current train-
ing iteration. The scaling factor λ(t) governs the gradual
introduction of gradient modulation after the warm-up
phase, ensuring stable early training while progressively
enabling CABP as neuron activation statistics become
reliable.

• The learning rate η is adjusted dynamically to account
for gradient amplification introduced by CABP [15].

ηeffective(t) =
η0

max(1,maxj S
(l)
j (t))

, (16)

where S
(l)
j (t) is the scaling factor for neuron j in layer

l. Large neuron-wise scaling factors reduce the effective
learning rate proportionally, maintaining stable optimiza-
tion and compatibility with standard optimizers.

Together, these hyperparameters enable CABP to adaptively
regulate memory, scaling strength, and learning stability in
a data-driven manner, ensuring robust performance across
diverse network architectures and training conditions.

E. Optimization with Adam

After gradient contextualization, CABP-scaled gradients are
fed into the Adam optimizer. For each parameter θ, the updates
are computed as [14]- [16]:

mt = β1mt−1 + (1− β1)∇θCABP(t), (17)

vt = β2vt−1 + (1− β2)
(
∇θCABP(t)

)2
, (18)

m̂t =
mt

1− βt
1

, v̂t =
vt

1− βt
2

, (19)

θt+1 = θt − η
m̂t√
v̂t + ϵ

, (20)

where mt and vt are the first- and second-moment estimates,
β1 and β2 are the decay rates, ∇θCABP(t) is the CABP-scaled
gradient, and ϵ ensures numerical stability.



By modifying gradients only after backpropagation, CABP
integrates seamlessly with existing optimizers and training
pipelines without altering the network architecture, forward
pass, or loss function. Conceptually, CABP acts as a form
of temporal regularization on gradient updates by leveraging
neuron activation history through an exponential moving av-
erage. This enables differentiation between consistently in-
formative and sporadically active neurons, attenuating high-
variance updates from noisy neurons while reinforcing stable
feature contributors. As a result, CABP smooths the optimiza-
tion process, improving convergence stability and reducing
sensitivity to mini-batch fluctuations. For clarity and ease
of implementation, the complete training procedure of the
proposed Context-Aware Backpropagation (CABP) method is
summarized in Algorithm 1.

Algorithm 1 Context-Aware Backpropagation (CABP)
1: Initialize network parameters θ
2: Initialize activation history H(l) = 0, ∀l
3: for each training iteration t do
4: Perform forward pass and compute loss L
5: Compute gradients ∇θL using standard backpropaga-

tion
6: Update activation history (EMA):

H(l) ← βH(l) + (1− β) a(l)

7: if t > Tw then
8: Determine neuron states (active/passive) based on

threshold τ
9: Compute scaling factors S

(l)
j (t)

10: Scale gradients:

∇CABP
θ ← S

(l)
j (t) · ∇θ

11: end if
12: Update parameters using optimizer (e.g., Adam):

θ ← θ − η · ∇CABP
θ

13: end for
14: return θ =0

IV. PERFORMANCE AND RESULT ANALYSIS

This section evaluates the proposed CABP method on
benchmark datasets, including Iris, Wine, Breast Cancer, and
Digits. CABP is compared with standard backpropagation
under identical network architectures, training configurations,
and optimization settings. Performance is assessed in terms of
classification accuracy, generalization, convergence behavior,
and hyperparameter sensitivity. All datasets are represented as
feature matrices X ∈ RN×d with corresponding label vectors
y ∈ RN , and evaluation is performed using both k-fold cross-
validation and hold-out testing splits. The selected datasets
are widely used benchmarks that enable controlled analysis
of optimization dynamics and gradient behavior. This study
focuses on validating the fundamental effectiveness of CABP

on such datasets before extending it to more complex, large-
scale scenarios. The EMA decay parameter β was fixed at 0.99
across all experiments, with consistent performance observed
across datasets.

A. Case Study: CABP on Iris Dataset

CABP was applied to the Iris dataset to evaluate its effi-
ciency in minimizing training error while reducing computa-
tional complexity. The Iris dataset consists of 150 samples with
4 features each, classified into 3 classes. Data was standardized
using z-score normalization and split into 80% training and
20% testing sets. The model architecture consists of a three-
layer Multi-Layer Perceptron (MLP) with 4 input neurons,
16 neurons in the first hidden layer, 8 neurons in the second
hidden layer, and 3 output neurons corresponding to the three
classes. ReLU activation was applied in the hidden layers.

Given the sensitivity of CABP to hyperparameters, we
conducted an analysis to identify optimal values that enhance
training stability and generalization. Hyperparameter analysis
is crucial for understanding and optimizing CABP perfor-
mance, as the choice of scaling factors, warm-up periods,
and EMA parameters directly influences gradient adaptation.
Figure 4 illustrates test accuracy across different combinations
of λ (scaling factor), Tw (warm-up epochs), and β (EMA
factor). The results indicate that CABP achieves optimal
performance at β = 0.99, λ = 0.5, and Tw = 5, while
values above or below these thresholds lead to reduced ac-
curacy. This emphasizes the importance of carefully tuning
these hyperparameters to maximize the benefits of gradient
contextualization. For this case study, CABP was applied to

Fig. 4. CABP test accuracy on the Iris dataset across λ, Tw , and β, showing
optimal performance at β = 0.99, λ = 0.5, Tw = 5

the MLP with the following configuration: α = 0.1 for EMA
smoothing of neuron activation history, τ = 0.05 as the active
neuron threshold, and ϵ = 10−6 for numerical stability. A



warm-up of Tw = 5 epochs was used before applying gradient
scaling. The network was trained with a learning rate of 0.01
using the Adam optimizer for 15 epochs with a batch size
of 16. This setup allowed CABP to adaptively scale gradients
based on neuron activation history during training, enhancing
both convergence and stability.

Table I summarizes the training loss, percentage of active
neurons in the hidden layers, and test accuracy across all
15 epochs. CABP demonstrates rapid convergence, achieving
high test accuracy while only a subset of neurons is active
during backpropagation. This selective gradient update re-
duces computational complexity without compromising per-
formance, highlighting CABP’s efficiency. In the warm-up
phase (epochs 1–5), CABP is disabled and only standard
Adam updates are applied, resulting in a gradual decrease
in loss with minor fluctuations due to mini-batch variance.
From epoch 6 onward, CABP is enabled, scaling gradient
updates based on neuron activation history, which leads to
lower and more stable loss values and accelerates convergence.
The stabilization of active neuron percentages in FC1 and FC2
after a few epochs is due to the low feature dimensionality and
limited complexity of the Iris dataset; for larger, high-featured
datasets, CABP exhibits more pronounced and sustained acti-
vation dynamics across layers, leading to greater performance
gains.

TABLE I
CASE STUDY OF CABP ON THE IRIS DATASET USING AN MLP

ARCHITECTURE, ILLUSTRATING CONVERGENCE BEHAVIOR AND NEURON
ACTIVATION DYNAMICS

Epoch Training
Loss

Active
Neurons
FC1 (%)

Active
Neurons
FC2 (%)

Test Accu-
racy (%)

1 1.0366 7.88 1.63 70.00
2 0.8078 11.75 5.75 83.33
3 0.5259 13.00 6.63 86.67
4 0.3663 13.63 7.00 93.33
5 0.2994 14.00 7.00 93.33
6 0.2265 14.88 7.00 100.00
7 0.1795 15.00 7.00 96.67
8 0.1322 15.00 7.00 100.00
9 0.1101 15.00 7.00 96.67
10 0.0995 15.00 7.00 96.67
11 0.0795 15.00 7.00 96.67
12 0.0788 15.00 7.00 96.67
13 0.0704 15.00 7.00 96.67
14 0.0727 15.00 7.00 100.00
15 0.0677 15.00 7.00 96.67

B. Cross-Validation Analysis

To further assess CABP’s robustness, five-fold cross-
validation was performed on four datasets for all four methods:
Stochastic Gradient Descent (SGD) [11], Root Mean Square
Propagation (RMSProp) [13], Adaptive Moment Estimation
(Adam) [14], and CABP. Table II presents the mean accuracy
across the datasets for different dataset splits, including 90–10
and 70–30 train-test splits, as well as testing on unseen data.
CABP (highlighted in bold) consistently achieves the highest
mean accuracy across all dataset splits, demonstrating superior
generalization, stability, and robustness compared to the stan-
dard optimizers. The results indicate that CABP effectively

improves predictive performance while maintaining consistent
performance across different data partitioning schemes.

TABLE II
AVERAGE ACCURACY (%) ACROSS FOUR DATASETS FOR DIFFERENT

DATASET SPLITS

Method 90–10 Split 70–30 Split Unseen Data Average
SGD 91.5 89.6 89.0 90.0
RMSProp 94.7 93.8 92.8 93.8
Adam 95.2 94.5 93.9 94.5
CABP 97.7 96.7 95.9 96.8

Fig. 5 presents the performance of CABP on the Iris dataset.
The training loss decreases rapidly, indicating fast convergence
and efficient learning. The percentage of active neurons in FC1
and FC2 shows that only a subset of neurons contributes to
gradient updates, reducing computational complexity without
affecting performance. Test accuracy remains consistently high
across epochs, demonstrating CABP’s ability to maintain
robust generalization while minimizing error with fewer ac-
tive neurons. This visualization highlights the efficiency and
effectiveness of CABP in accelerating training and optimizing
network utilization.

C. Comparative Analysis

To assess the effectiveness of the proposed CABP approach,
its performance is compared with conventional optimization
methods such as SGD, RMSProp, and Adam across different
datasets.

Table III compares the performance of CABP with standard
optimizers across four benchmark datasets. CABP consistently
achieves the highest training and testing accuracy on all
datasets while also yielding the lowest loss, indicating im-
proved convergence behavior. The performance gain of CABP
is modest on simpler datasets such as Iris, reflecting stable
learning without overfitting, but increases progressively with
dataset complexity. Notably, CABP records the largest im-
provement on the high-dimensional Digits dataset, achieving a
7.8% gain in test accuracy, demonstrating its effectiveness in
handling complex feature spaces. These results confirm that
CABP enhances generalization and scalability compared to
conventional optimization methods.

CABP, a variant of standard backpropagation, achieves effi-
cient error minimization in fewer training iterations by selec-
tively updating actively contributing neurons, thereby reducing
computational overhead. By incorporating neuron activation
history into gradient scaling, CABP synergizes with adaptive
optimizers such as Adam, smoothing updates near local min-
ima and mitigating oscillations, which enhances convergence
stability. Empirical results across multiple benchmark datasets
demonstrate that CABP consistently improves convergence
speed, predictive accuracy, and generalization performance
compared to conventional methods. Experiments were con-
ducted over multiple runs with consistent performance trends
observed, indicating the robustness of the proposed approach.
These findings establish CABP as a lightweight and effective
training paradigm that integrates seamlessly with existing



Fig. 5. CABP performance on the Iris dataset: (a) Training loss over epochs, (b) Percentage of active neurons in hidden layers FC1 and FC2, (c) Test accuracy
over epochs

TABLE III
COMPARISON ACROSS OPTIMIZERS WITH TRAINING AND TESTING

ACCURACY

Dataset Feature Method Train
Acc. (%)

Test
Acc.
(%)

Loss Gain
(%)

Iris 4

SGD 95.10 95.33 0.22 0.00
RMSprop 95.40 95.67 0.20 +0.34
Adam 95.30 95.50 0.21 +0.17
CABP 96.20 96.67 0.18 +1.34

Wine 13

SGD 95.10 96.20 0.28 0.00
RMSprop 96.05 97.10 0.24 +0.90
Adam 96.30 98.05 0.26 +1.85
CABP 99.20 100.00 0.19 +3.80

Breast
Cancer 30

SGD 92.40 93.10 0.26 0.00
RMSprop 93.60 94.20 0.23 +1.10
Adam 94.50 95.30 0.24 +2.20
CABP 96.80 97.40 0.17 +4.30

Digits 64

SGD 85.20 85.80 0.36 0.00
RMSprop 88.40 89.10 0.30 +3.30
Adam 89.10 90.00 0.28 +4.20
CABP 93.20 93.60 0.21 +7.80

neural network architectures without modifying forward com-
putations or optimization frameworks. Although the current
evaluation is limited to small-scale datasets, the method is
architecture-agnostic and can be extended to deep and high-
dimensional tasks, including convolutional neural networks
and large-scale image classification. Preliminary observations
indicate that both the warm-up phase and neuron-state-based
gradient scaling contribute to performance improvements; a
detailed ablation study isolating these components is left for
future work. The evaluation is limited to small-scale datasets,
and hyperparameter sensitivity and computational overhead in
deep architectures remain to be explored. Future work will
address large-scale settings with comprehensive ablation and
statistical analysis.

V. CONCLUSIONS

This paper presented a backpropagation variant, CABP, a
variant of the standard backpropagation algorithm that in-
corporates neuron activation history to achieve context-aware
gradient updates. By maintaining a lightweight exponential

moving average of neuron activations, CABP selectively am-
plifies gradients for consistently informative neurons while
attenuating updates for weak or noisy contributors. This mech-
anism reduces gradient variance, smooths updates near local
minima and maxima, and mitigates oscillations, thereby en-
hancing convergence stability and overall learning efficiency.
Extensive experiments on benchmark datasets—including Iris,
Wine, Breast Cancer, and Digits—demonstrate that CABP
consistently accelerates convergence, improves predictive ac-
curacy, and enhances generalization on unseen data compared
to conventional optimizers such as SGD, RMSProp, and
Adam. Importantly, CABP achieves these improvements while
maintaining the same asymptotic computational complexity
as standard backpropagation and seamlessly integrating with
existing network architectures and optimization frameworks
without altering the forward pass or loss function. These
results establish CABP as a lightweight yet robust back-
propagation variant, offering superior stability, efficiency, and
scalability for deep neural network training. Future work
will extend CABP to large-scale convolutional and recurrent
networks and evaluate it on complex, high-dimensional bench-
marks (e.g., image classification tasks) to validate scalability
and generalization, while also exploring adaptive neuron-state
thresholding strategies to further enhance learning dynamics.
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