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Abstract:

Background: Efficient training of machine learning models remains a critical challenge in data-driven artificial
intelligence systems, particularly when training samples vary in difficulty, noise level, and representational
complexity.

Aims: This study proposes and evaluates an adaptive curriculum learning framework that accelerates convergence in
machine learning model training by dynamically adjusting sample ordering based on the model's evolving
competence.

Methods: The proposed approach introduces a feedback-driven curriculum mechanism that integrates difficulty
estimation and model competence evaluation. Training samples are initially ranked by estimated difficulty and are
progressively updated during training using validation-based performance signals. Experiments are conducted on
three benchmark datasets, including UCI Adult Income, Breast Cancer Wisconsin, and CIFAR-10, using multilayer
perceptron and convolutional neural network architectures. The framework is compared against random sampling,
static curriculum learning, and hard-first sampling strategies. Performance is evaluated based on convergence speed,
predictive accuracy, robustness to noise, class imbalance handling, and computational overhead.

Result: The proposed adaptive curriculum learning framework consistently accelerates convergence across all
datasets compared to baseline methods. The model achieves faster stabilization of training dynamics while
maintaining or slightly improving predictive performance on accuracy, Fl-score, and AUC. Furthermore, the
framework demonstrates improved robustness under noisy-label conditions and class-imbalance scenarios, with
reduced performance degradation compared to conventional sampling strategies. The computational overhead
introduced by the adaptive mechanism remains minimal compared with the gains in training efficiency.

Conclusion: The study concludes that aligning sample ordering with evolving model competence significantly
improves training efficiency in machine learning systems.

Keywords: Adaptive Sampling; Curriculum Learning; Machine Learning; Model Convergence; Training Efficiency.

1. INTRODUCTION

A salient issue in contemporary Al, particularly in
dealing with extensive, diverse datasets with intrinsic
complexity is the best way to train data-driven machine
learning models (Dritsas & Trigka, 2025; Gong et al.,
2023; Holzinger et al., 2025). In realistic training
scenarios, training data is seldom uniform. More
typically, training data demonstrates the full
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spectrum of variations in difficulty, noise, sample
ambiguity, and complexity  (Metzner et al., 2022;
Mosqueira-Rey et al., 2023; Tang et al., 2025; Zhou et
al., 2023). Such variations affect optimization, and the
training process suffers from poor convergence if
models learn indiscriminately from all data samples. In
regular training, machine learning models are trained on
uniform or random sampling frameworks, where all
training data are assumed to contribute to the process of
updating the model, regardless of whether the training
data is informative, appropriate, or relevant to the model
(Shen et al., 2024a; Talaei Khoei & Kaabouch, 2023).
From a practical standpoint, these assumptions prove
useful. However, from a systems perspective, they are
counterproductive to the overall process, as they lead to
poor convergence in training. This is particularly the
case with noisy data, class imbalance, or other similar
challenges (Altalhan et al., 2025; W. Chen et al., 2024;
Ghosh et al., 2022).

Curriculum learning is one of the few existing learning
methodologies inspired by the observation of how
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humans gradually learn, from the simple to the complex
(Dekker et al., 2022; Liu et al., 2023; Soviany et al.,
2022). Curriculum learning in the context of machine
learning describes an ordering of training data by task
difficulty that allows the model to learn simpler tasks
and essential patterns before being presented with more
complex and challenging ones (Ten et al., 2021; Wang
etal., 2022).

Structured training of machine learning models using
curriculum learning techniques has been shown to
improve convergence speed, generalization, and the
optimality of the model's training behavior (Bian &
Priyadarshi, 2024; Nunes et al., 2021; Saglietti et al.,
2022). However, most existing techniques in curriculum
learning rely on static assessments of task difficulty
and/or a fixed sampling schedule throughout the training
process (Wang et al., 2022; Zheng et al., 2025).

These fixed techniques rely on heuristic estimates of
task difficulty and require significant manual effort to
design for a specific dataset, making them inflexible for
training scenarios that are subject to change. Effectively,
when training begins, the curriculum cannot adapt to the
model's growing competency, leading to a mismatch
between the relative difficulty of training tasks and the
model's capabilities at various stages of training
(Ferrari, 2023; Kravchenko & Cusack, 2024; Lalor &
Yu, 2020; Zhao et al., 2021).

Adaptive learning strategies have shown that model
feedback may be used to create more efficient training
processes (Z. Chen et al., 2025; Feng et al., 2025; Li
etal., 2022; Shi & Liu, 2025). However, the current state
of the art is highly fragmented. Most methods focus on
individual elements, such as difficulty estimation or
sample reweighting. There are no comprehensive
solutions that include dynamic difficulty estimation,
real-time feedback on model performance, convergence
acceleration, robustness to label noise, class imbalance
mitigation, and cost estimation. Solving the above
problems is essential for making current methods useful
in machine learning systems, because in practice,
efficiency, robustness, and scalability must be addressed
inunison (Shenetal., 2024b; Shivashankar et al., 2025;
Shu et al., 2023). Additionally, many adaptive sampling
methods add complexity without a formal cost-benefit
analysis. Thus, there is a concern about using these
methods for large-scale systems.

To address these issues, this study introduces an
adaptive curriculum learning framework that changes
the sample order based on the model under training.
Compared to traditional curriculum learning methods
that employ a fixed curriculum, the proposed framework
constructs a curriculum based on the model’s real-time
performance feedback and maintains an estimate of the
sample’s difficulty level. This mechanism adapts and
aligns the training process with the model’s current
learning capacity and orders the samples in a way that is
most beneficial to the model for progressive learning.
The framework has been designed to apply to a variety
of datasets and model architectures. Thus, it can be
employed in numerous data-driven applications. The

proposed curriculum learning framework utilizes
difficulty estimation. It integrates competence-aware
feedback loops and is expected to achieve sufficient
improvement in model convergence, if not in predictive
performance.

This research proposes a design and implementation of
an adaptive curriculum learning framework to accelerate
model convergence while maintaining robustness and
accuracy. To achieve this, the dissertation analyzes the
effectiveness of adaptive curriculum learning in terms of
convergence iterations, compared with strategies that
use random sampling and static curriculum
(Karakasidis et al., 2024; Machado et al., 2021). It also
analyzes the effectiveness of the adaptive curriculum
learning framework in sustaining or improving
predictive performance across a range of benchmark
datasets of wvarying complexity. Furthermore, the
dissertation analyzes the effectiveness of the adaptive
curriculum learning framework in sustaining model
performance across highly noisy, class-imbalanced
datasets, a challenge that traditional learning strategies
often fail to address. Finally, trade-offs due to the
additional complexity for adaptive curriculum updates
are evaluated to determine if the benefits of reduced
convergence iterations improve model performance,
learning speed, and overall robustness, regardless of the
increased computational efforts.

This work innovatively considers curriculum learning as
an iterative, dynamic process that integrates feedback,
rather than treating it as a static, preprocessing phase. By
incorporating signals of a model’s growing competence
into the curriculum adjustment mechanism, the
proposed system can maintain alignment between data
sequencing and learning progress. As a result, this
system provides a sampling technique that not only
accelerates learning but also increases the system’s
resistance to data imperfections, such as noise and class
imbalance, while keeping operational costs low. The
system, therefore, moves beyond existing systems of
curriculum learning by integrating the speed of training,
the accuracy of prediction, and the constraints of
operating scale in machine learning to optimize its
performance. The goal of this research is to answer the
following questions: Can adaptive curriculum learning
accelerate convergence when compared to random or
static curricula.

2. MATERIAL AND METHOD

This study uses an experimental design in machine
learning to analyze the impacts of the adaptive
curriculum learning framework (Wang et al., 2024).
This focus is primarily on model convergence and
training speed. The experimental design lends itself to a
systematic evaluation of different training strategies,
using the same model architecture and datasets
(Demartini et al., 2024). This ensures that the only
element responsible for the differences in results is the
chosen sampling strategy. Four training conditions are
considered: random sampling as the standard baseline;
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static curriculum learning as a predefined difficulty-
ordered baseline; self-paced, or difficulty-based,
sampling as an adaptive, non-feedback-driven strategy
when applicable; and the proposed adaptive curriculum
learning framework that dynamically updates sample
ordering based on evolving model competence during
training.

The experiments are conducted on three widely used
benchmark datasets representing different domains and
complexity levels. The first dataset is the UCI Adult
Income Dataset, a tabular binary classification dataset
used for socioeconomic prediction tasks, comprising
48,842 instances, 14 attributes, and 2 target classes
(income <50K and >50K). The second dataset is the
Breast Cancer Wisconsin Diagnostic Dataset, a medical
binary classification dataset containing 569 instances
with 30 numerical features derived from digitized tumor
cell nuclei measurements, used for benign-versus-
malignant classification (Islam Jony et al., 2024). The
third dataset is the CIFAR-10 image dataset, a multiclass
classification benchmark containing 60,000 color
images of size 32x32x3 distributed across 10 object
categories, including animals and vehicles (Divya et al.,
2022). These datasets enable the simulation of learning
processes of varying complexity, allowing evaluation of
curriculum learning strategies on both structured tabular
data and large, complex image data. Each dataset is split
into training, validation, and test subsets with 70%
training, 15% validation, and 15% test, to maintain class
balance across experimental conditions. An overview of
the datasets highlights the number of samples, attributes,
and classes, along with the distribution of the classes.

Data preprocessing is uniform across the different
datasets for consistent evaluation. In the tabular datasets
(Adult Income and Breast Cancer Wisconsin),
numerical features are normalized to have zero mean
and unit variance (z-score normalization), and
categorical features in the Adult dataset are one-hot
encoded. In the Adult dataset, missing values are
imputed with the mode for categorical data and the
median for numerical data. In the CIFAR-10 dataset, in

addition to normalizing pixel values to [0,1], the training
set is also randomly horizontally flipped and cropped.
To avoid unintended data exposure, all datasets undergo
preprocessing consistent with the training dataset
conditions, with the validation and test datasets also
subjected to the same preprocessing. Class imbalance is
minimal in the provided datasets. In the presence of class
imbalance, class weighting is applied only to the training
dataset, while the validation and test datasets remain
unchanged.

The proposed adaptive curriculum learning framework
allows the order of training samples to change based on
difficulty estimation and feedback on model
competence. During the initial training phase, samples
are ranked based on an initial difficulty score derived
from the warm-up epoch’s training loss and prediction
confidence. Once the training process has begun, the
difficulty of each training sample is updated using
several indicators, including, but not limited to, the per-
sample loss magnitude, the margin of prediction
confidence, and the frequency of misclassifications.
Model competence is assessed based on trends in
verification accuracy and fluctuations in verification
loss across epochs. Using this feedback, the learning
model, based on the difficulty of the training samples
and the model's competence, adjusts the training sample
curriculum after each epoch. In the early stages of
training, lower difficulty samples are used. As the model
becomes more competent, more difficult samples are
used. The feedback loop includes the difficulty of the
training samples, model training, model assessment, and
the rearrangement of the training curriculum. This
allows the learning model to align the difficulty of the
training samples with its readiness for the training
curriculum.

To implement the proposed approach, the adaptive
curriculum learning framework has been designed as a
closed-loop training system based on difficulty
estimation, competence assessment, and sample
reordering. The overall system design is illustrated in the
respective figure.
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Figure 1. Proposed Adaptive Curriculum Learning Framework

The framework exemplifies a continuous feedback loop,
with model competence influencing the restructuring of
training samples. This interplay guarantees that the
current learning process is in sync with the model's
competence throughout training.

The learning models are selected based on dataset type
to ensure representational suitability while maintaining
consistency across experimental conditions. A
multilayer perceptron (MLP) with two hidden layers
serves as the primary classifier for both the Adult
Income and Breast Cancer datasets, capturing the
prominence of nonlinear relationships within the
structured, complex nature of tabular datasets (Al
Bataineh et al., 2022). A simple convolutional neural
network (CNN) with convolutional, pooling, and fully
connected layers is used on the CIFAR-10 dataset to
capture the implicit spatial relationships and hierarchies
in image data. To ensure that all sampling methods are
fairly evaluated, the same model architecture is used
across all experiments. In all experimental conditions,
the same key hyperparameters (learning rate, batch size,
number of epochs, choice of optimizer, and activation
functions) are retained. The optimizer of choice is the
adaptive learning rate, and the Adam optimizer's
stabilizing and convergent end behavior is shown.

Baseline methods include random sampling, in which
training samples are selected uniformly at random with
no regard to difficulty, and static curriculum learning, in
which the sample order is fixed for the duration of
training based on a difficulty score and is not subject to

change (Chaudhry & Sharma, 2024)- Moreover, as an

auxiliary baseline, a hard-first sampling strategy is used
in selected experiments, prioritizing difficult samples at
earlier training stages, to test whether inverse
curriculum ordering affects convergence and final
performance. These baselines cover non-curriculum
learning, as well as static and alternative curriculum
learning strategies.

Multiple evaluation metrics for model performance
assess convergence, accuracy, robustness, and cost. The
number of epochs evaluates convergence, the time to
convergence, the loss-reduction rate, and the area under
the learning curve. Predictive performance is evaluated
by accuracy, precision, recall, F1 score, and AUC, when
appropriate. Robustness is evaluated by controlled
introduction of label noise (5%, 10%, and 20%) and
class imbalance, and performance is assessed relative to
a clean data state. Cost is evaluated by the additional
overhead required for curriculum updating, measured in
absolute time and as a percentage of baseline training.

The experimental methodology defines the framework
for reproducibility and statistical rigor. Every
experiment runs five variants to counter the effects of
stochastic phenomena, such as initialization and the
order in which the data is presented to the model. Some
splits of the dataset will be constant across these
experiments to enable comparison. Hyperparameter
selection is performed using the validation set. The test
set is unveiled only after the experiments freeze. Early
stopping is implemented to reduce the risk of overfitting.
Each experiment is run under the same conditions and
uses hardware accelerators, specifically GPUs, when
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available. Comparison of methods is based on paired t-
tests. If the results do not meet the assumption of
normality, the Wilcoxon signed-rank test is used. A
threshold of p < 0.05 will be used for all statistical tests
to establish the performance of the proposed training
strategies.

3. RESULT AND DISCUSSION
3.1 Results
Experimental Setup and Dataset Characteristics

The UCI Adult Income dataset, the Breast Cancer
Wisconsin Diagnostic dataset, and the CIFAR-10 image
dataset serve as the three benchmark dataset options for
the experimental evaluation. These datasets represent
diverse data modalities, spanning from structured
tabular data to large-scale image data, enabling
evaluation of adaptive curriculum learning at varying
levels of complexity. The Adult Income dataset contains
48,842 instances, 14 features, and 2 target classes. It is a
noisy, heterogeneous dataset for classifying the socio-
economic population. The Breast Cancer dataset has 569
instances, 30 features (29 numerical), and 2 target
classes. It presents a diagnostic classification problem of
moderate complexity, with well-separated distributions.
The CIFAR-10 dataset contains 60,000 images and
includes 10 target classes. It presents a high-complexity

visual classification problem due to significant intra-
class variation. These three datasets provide a means to
evaluate how different curriculum learning techniques
converge across low-, medium-, and high-complexity
learning environments.

All datasets underwent uniform preprocessing.
Numerical features were adjusted to a standard normal
distribution, and categorical features underwent one-hot
encoding in addition to the median or mode imputation
for missing values. As for the CIFAR-10 dataset, pixel
values were normalized to the range [0,1], and a data
augmentation technique including random cropping and
horizontal flipping was applied to the training subset
only. To ensure no data was lost, preprocessing was
performed only on the training subset.

The models used in the experiments include a multilayer
perceptron (MLP) trained on tabular data and a
convolutional neural network (CNN) trained on the
CIFAR-10 dataset. The MLP is built with two hidden
layers of ReLU activations. The CNN architecture
includes convolutional layers, max pooling, and fully
connected layers. For all sampling strategies, the
architectures remain consistent to provide a fair
comparison. Dataset properties are provided in Table 1,
and  experimentation  configuration, including
hyperparameter values, optimization settings, batch
size, and training schedule, is provided in Table 2.

Table 1. Dataset Summary and Task Characteristics

Dataset Instances Features Classes Task Type Domain

Adult Income 48,842 14 2 Binary Classification Socio-economic

Breast Cancer g4 30 2 Binary Classification  Medical

Wisconsin Diagnosis

CIFAR-10 60,000 3x%32x32 10 Multiclass Classification Computer Vision
Table 2. Experimental Configuration and Hyperparameter Settings

Component Setting

Optimizer Adam

Learning Rate 0.001

Batch Size

Epochs

Train/Val/Test Split 70/15/15
Runs 5 repetitions

Loss Function
Evaluation Metric
Hardware

Significance Test

Cross-Entropy

64 (tabular), 128 (CIFAR-10)
100 (early stopping applied)

Accuracy, F1-score, AUC
GPU-enabled training environment
Paired t-test / Wilcoxon (p < 0.05)
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As shown in Tables 1 and 2, the evaluation is conducted
with three benchmark datasets having varying degrees
of complexity and different learning domains. The
properties of the datasets are summarized below. These
datasets provide an extensive evaluation framework,
including both structured tabular data and high-
dimensional data across different domains of image
classification.

To ensure reproducibility of the results, the sampling
strategies are kept consistent across all experimental
configurations and hyperparameter values.

This design framework ensures that performance
differences are due to the sampling strategies employed,
not to changes in optimization or architectural design.

Convergence Performance Across Training Strategies

The proposed adaptive curriculum learning framework
is tested for its convergence behavior when compared to
random sampling and static curriculum learning. The
other methods tested in this study show a considerable
increase in the number of epochs required to reach
convergence and stabilize validation accuracy compared
to the proposed adaptive curriculum learning. When
applied to the Adult Income dataset, the proposed
adaptive curriculum learning reached convergence
around 25-30% faster than random sampling and 15-
20% faster than static curriculum learning. The
proposed adaptive curriculum learning achieved
smoother loss reduction and converged sooner than the
other methods on the Breast Cancer dataset as well.

To investigate the efficiency of the proposed method,
the convergence behavior across all sampling strategies
is analyzed using training and validation loss curves, as
shown in Figure 2.
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Figure 2. Training and Validation Convergence Curves

The results in Figure 2 show that the adaptive
curriculum learning proposed in this study, compared to
random and fixed curriculum sampling, achieves faster
and more stable convergence.

To examine how sample ordering progresses during
training, we analyze the progression of curriculum
difficulty across epochs, as shown in Figure 3.
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As shown in Figure 3, the adaptive strategy shows a
gradual transition from simple to complex samples,
indicating that the curriculum'’s spacing is responsive to
the model's competence.

In CIFAR-10, the most difficult dataset, the benefits of
adaptive curriculum learning are particularly evident.
The model trained with an adaptive curriculum showed
both faster, more stable validation accuracy and less
variable training loss than both baseline models.

Learning curves (Figure 2) show that adaptive
curriculum learning results in a more stable, less
variable optimization trajectory, especially during early
to mid-training, when sample-difficulty adaptation is
most significant.

All methods are summarized in terms of training
efficiency and the number of epochs required to
converge, as shown in Table 3.

Table 3. Convergence Performance Across Sampling Strategies

Dataset Method Epochs to Convergence |  Time (s) | Convergence Gain (%0)
Adult Random 42 1180 -

Adult Static Curriculum 36 1020 +15.2%

Adult éf:igg‘s’: d(;“"icu'”m 29 850 +30.9%

Breast Cancer Random 35 420 -

Breast Cancer Static Curriculum 30 360 +14.3%

Breast Cancer Adaptive Curriculum 24 295 +31.4%

CIFAR-10 Random 88 5400 -

CIFAR-10 Static Curriculum 74 4550 +15.9%

CIFAR-10 Adaptive Curriculum 60 3820 +31.8%

Across all datasets, the results (shown in Table 3)
indicate that adaptive curriculum learning converges
more quickly.

Results from quantitative convergence analyses (Table
3) suggest that implementing adaptive curriculum
learning reduces the number of epochs needed to
achieve target accuracy levels across all datasets.
Further, the area under the learning curve is greater,
suggesting that, relative to both static and random
sampling, adaptive curriculum learning improves
learning efficiency and progress over time.

Final Predictive Performance

Although convergence speed is improved, the adaptive
curriculum learning methodology generally yields the

same or slightly higher final predictive performance
across all datasets. With respect to the Adult Income
dataset, both accuracy and F1-score are higher than the
baseline levels, suggesting that a reduction in the time to
convergence does not negatively affect the model's
generalization performance. For the Breast Cancer
dataset, because it is inherently separable, all methods
achieve high performance. However, adaptive
curriculum learning yields slight improvements to the
stability of both precision and recall.

Final predictive performance across all datasets is
assessed using conventional classification metrics, as
shown in Table 4.

Table 4. Predictive Performance Comparison

Dataset Method Accuracy F1l-score Precision Recall AUC
Adult Random 0.841 0.832 0.829 0.835 0.872
Adult Static 0.854 0.846 0.843 0.849 0.884
Adult Adaptive 0.861 0.854 0.852 0.856 0.891
Breast Cancer  Random 0.943 0.941 0.939 0.943 0.965
Breast Cancer  Static 0.951 0.949 0.947 0.951 0.972
Breast Cancer  Adaptive 0.955 0.953 0.951 0.955 0.976
CIFAR-10 Random 0.781 0.776 0.774 0.779 0.829
CIFAR-10 Static 0.804 0.799 0.797 0.802 0.851
CIFAR-10 Adaptive 0.816 0.812 0.809 0.814 0.864
P L @ |
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As shown in Table 4, the data suggest a positive
correlation between the speed of convergence and the
model's ability to generalize.

On the CIFAR-10 dataset, adaptive curriculum learning
achieves F1 Scores and AUCs that are better than those
from random sampling and comparable to those from
static curriculum learning. From this, it can be
concluded that using a variable sampling difficulty does
not adversely impact the model's capacity and does
enhance learning balance across a variety of classes and
features. Overall, the predictive performance results
demonstrate that the value of a learning system is
enhanced by greater efficiency and speed, without
negatively impacting accuracy or model generalization.

Robustness Under Noisy Labels

To assess robustness, label noise was deliberately added
to the training data at 5%, 10%, and 20% levels. It was
discovered that adaptive curriculum learning
outperformed the baseline methods and demonstrated
greater resilience to noise. With label noise at 5%, the
performance differences were negligible. However, as
label noise increased, the random sampling method
suffered severe performance degradation due to the
uniform assignment of corrupted samples throughout
training.

Fairness and stability with respect to the minority and
majority classes were evaluated using class-imbalanced
training data.

Robustness was tested using a training data set with
varying levels of label noise, as shown in Table 5.

Table 5. Robustness Under Noisy Labels

Noise Level Method Accuracy Drop (%) | F1-score Drop (%) | Stability
5% Random 4.8 5.2 Medium
5% Static 3.1 3.4 High
5% Adaptive 2.2 25 Very High
10% Random 9.6 10.4 Low
10% Static 6.5 7.1 Medium
10% Adaptive 4.3 4.7 High
20% Random 18.9 19.7 Very Low
20% Static 13.2 14.0 Low-Medium
20% Adaptive 8.1 8.8 High

As shown in Table 5, adaptive curriculum learning
improved learning behavior among the minority class
and reduced preference for the majority class.

While static curriculum learning suffers from an
ordering rigidity that impedes adaptability, some
robustness is achieved through the imposition of a
training structure. Adaptive curriculum learning,
however, focuses on the loss and model confidence,

meaning noisy, high-loss samples are deprioritized. This
helps avoid overfitting to noisy labels. The effects of
10% and 20% label noise are mitigated, and the method
demonstrates improved stability under adverse training
conditions.

Robustness to imperfect data was evaluated by
analyzing the effects of varying levels of label noise
(Figure 4).
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As shown in Figure 4, the method demonstrates marked
stability for the presence of noise, especially label noise.

Robustness Under Class Imbalance

Experiments on class imbalance are conducted by
artificially manipulating the class distribution in the
training data. The performance metrics used include
macro-F1 score, balanced accuracy, and recall of the

minority classes. The results show that adaptive
curriculum learning maintains greater stability in
learning the minority class than random sampling,
which tends to favor learning the majority class.

Experiments on class imbalance are performed to
evaluate the fairness and the learning's sensitivity to
minority classes, as shown in Table 6.

Table 6. Robustness Under Class Imbalance

Dataset Method Macro-F1 Balanced Accuracy Minority Recall

Adult Random 0.761 0.773 0.748

Adult Static 0.782 0.794 0.771

Adult Adaptive 0.803 0.812 0.798
CIFAR-10 Random 0.742 0.751 0.734
CIFAR-10 Static 0.769 0.781 0.760
CIFAR-10 Adaptive 0.791 0.804 0.786

Table 6 shows that the methodology proposed in this ensuring that minority-class samples are not

paper is designed to improve learning for minority
classes across all datasets used in the experiments.

Static curriculum learning partially mitigates the impact
of class imbalance by structuring the ordering of
samples; however, it offers no improvement for
dynamic adaptation to changing class imbalance.
Adaptive curriculum learning, in contrast, addresses this
challenge by adjusting the model's sample selection,

predominantly neglected in later stages of training. As a
result, the proposed method yields higher macro-F1
scores and lower minority-class recall, thereby
improving interclass fairness.

Experiments conducted under class-imbalance training
conditions are performed to evaluate the fairness and
stability of learning in the majority and minority classes,
as shown in Figure 5.
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Figure 5. Performance Under Noisy Label Conditions

The results (as shown in Figure 5) indicate that adaptive
curriculum learning is better for learning minority
classes and for reducing bias towards the majority
classes.

Computational Overhead Analysis

The computational overhead for using adaptive
curriculum learning is small compared to the large gains
in convergence speed. Most of the overhead is due to
estimating difficulty and updating the curriculum, which

is done once per epoch. The results of the experiments
show that this overhead ranges from 3% to 7% of the
total training time, depending on the dataset's
complexity.

Table 7 shows that the first boundary for measuring the
impact of adaptive curriculum learning on
computational efficiency is set by evaluating the
additional overhead it incurs.
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Table 7. Computational Overhead Analysis

Method Training Time () Overhead (%) Memory Usage
Random 100% baseline 0% Baseline
Static Curriculum 102% +2% Baseline

Adaptive Curriculum 105-107%

+3% to +7% Baseline (no increase)

Note: Key Interpretation:
Overhead small (<7%)
Offset by 25-32% more rapid convergence

As summarized in Table 7, the results indicate that,
relative to the benefits of convergence, the overhead
remains negligibly small.

The additional overhead is offset by the reduced total
number of training epochs needed to achieve
convergence, yielding a net gain in training efficiency.
Since the framework introduces no additional model

parameters, memory consumption is similar across all
approaches. These results show that the framework
strikes an optimal balance between cost and training
efficiency.

Finally, the trade-off between convergence and
computational cost is assessed in Figure 6.

30
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15 4 o Stafic

10 A

Convergence Gain (%)
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« Adaptive

T T T
100 101 102

T T T
104 105 106

Computational Cost (%)

Figure 6. Computational Cost VVersus Convergence Gain

The results show that the proposed framework is highly
efficient, achieving significant convergence
improvements with low computational overhead.

Ablation Study

The contribution of each component of adaptive
curriculum learning is assessed in the ablation study.

Difficulty estimation is essential, as its removal leads to
both slower convergence and increased instability.
Removing performance feedback has detrimental effects
on the framework’s adaptability, especially when the
model is competent, as shown in Table 8.

Table 8. Ablation Study of Adaptive Curriculum Components

Variant Difficulty Competence Curriculum Convergence Speed Final
Estimation Feedback Update g P Accuracy
Full Model v v v Fastest Highest
w/o Difficulty .
Estimation X v v Slower Slight drop
w/o Competence .
Feedback v X v Moderate Medium
Static Difficulty Fixed Fixed Slower Lower
Fixed Update . .
Interval v v Partial Moderate Medium
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Table 8 summarizes that set intervals for updates
decrease flexibility and make responsiveness to learning
dynamics suboptimal. Likewise, using static difficulty
scores instead of adaptive difficulty nullifies
performance improvements and evidences that dynamic
updating is a requirement for optimal performance. The
complete model consistently outperforms all ablated
variants, indicating that difficulty estimation and
competence feedback are imperative components of the
framework.

3.2 Discussion

The results of these experiments indicate that adaptive
curriculum learning prioritizes training resources
because of its elegant data-sequence design. The
acceleration in convergence is likely due to the model
learning from easier, more reliable instances first, before
learning from more uncertain, complex ones. It helps
reduce gradient noise and stabilize model optimization
in the early stages of training.

The adaptive system offers greater overall flexibility by
reordering training samples based on the model’s
feedback. This helps avoid mismatches that occur in
traditional  curriculum learning systems, where
predetermined difficulty does not always align with the
learning capacity achieved. This system directly
addresses open research issues in curriculum and self-
paced learning, especially those concerning
convergence, stability, and cost, which it clearly
encompasses.

This adaptive system is especially useful for large-scale
machine learning applications. The adaptive model
enables time and resource savings while maintaining
optimal performance by reducing the number of training
epochs. This is especially useful in situations with
limited resources.

3.2.1 Implications

Theoretically, this study demonstrates that dynamic data
sequencing based on model competence feedback is a
crucial component capable of stabilizing the
optimization process and accelerating convergence.
From a practical standpoint, this approach successfully
reduces training time and epochs by 25-32%, making it
highly efficient in terms of hardware resource utilization
without sacrificing predictive performance.
Furthermore, this framework has significant
implications for improving system robustness in real-
world scenarios, as it has been proven effective at
deprioritizing noisy labels and main taining a balanced
learning process for minority classes.

3.2.2 Research contribution

The main contributions of this article include the design
of a closed-loop adaptive curriculum learning
framework that integrates sample difficulty estimation
and model competency evaluation through a continuous
feedback loop. Furthermore, this research makes a

methodological contribution through comprehensive
cross-domain validation across various data modalities
ranging from tabular data to complex images using MLP
and CNN architectures. Finally, this study contributes a
multidimensional robustness analysis that demonstrates
that adaptive curriculum strategies are reliable in
handling label noise variations of up to 20% as well as
class imbalance issues.

3.2.3 Limitations

There are limitations as well. The success of adaptive
curriculum learning depends on difficulty estimation,
which can vyield variable results across datasets and
architectures. Noisy losses can also distort the desired
results of curriculum learning. Another important
limitation to note is that only a cursory examination of
supervised learning has been conducted. There are many
types of learning, and the more unsupervised and
complex types of learning may yield different results.

3.2.4 Suggestions

Potential advancements can be made by incorporating
deep reinforcement learning, large-scale transformer
models, multimodal learning, and federated learning
into this existing framework. In addition, research can
focus on difficulty estimation and the most effective
ways to update curricula in large-scale distributed
environments.

4. CONCLUSION

This study focuses on the adaptive curriculum learning
framework to accelerate the convergence of training
machine learning models. The framework orders the
samples so that training first involves learning the easier
ones. The framework relies on continuous model
feedback to update the curriculum, unlike conventional
methods that rely on static or random sampling.

The benchmarks confirm that the framework achieves
faster convergence while improving predictive
performance. In addition, the framework is robust to
class imbalance and label noise. The framework is
effective in real-world learning scenarios. The burden of
curriculum learning is justified by the aid of reduced
training times. The framework is an effective way of
incorporating modern machine learning systems.
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