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Abstract. This paper introduces autokRF, a family of automated learn-
ing algorithms designed to optimize hyper-parameters for k£ local Ran-
dom Forest models in large-scale classification tasks. The autokRF algo-
rithms automatically determine an appropriate number of clusters k to
partition the training dataset, then train separate Random Forest mod-
els within each cluster. This localized approach enables efficient parallel
classification on multi-core CPUs. To improve model performance, each
cluster applies the .632 bootstrap estimator, while hyper-parameter tun-
ing is carried out using grid search (GS), reinforcement learning (RL),
and Bayesian optimization (BO). Experiments on the ImageNet dataset
(1,281,167 images, 768 features, 1,000 classes) demonstrate that our pro-
posal (kRF, autokRF-GS, autokRF-RL, and autokRF-BO) consistently
outperform the standard Random Forest algorithm, achieving significant
improvements in both classification accuracy and training efficiency. On
a Linux Ubuntu 24.04 system with an Intel Core i5-12400 CPU (4.4 GHz,
6 cores, 12 threads) and 32 GB of RAM, these algorithms complete the
ImageNet classification task in 9.2, 10.83, 11.04, and 10.58 minutes re-
spectively, with classification accuracy over 88%.

Keywords: Random forest - Local learning - Automatic hyper-parameters
tuning - Large-scale dataset

1 Introduction

The rapid expansion of data volume and the increasing complexity of feature
spaces in modern computing applications pose significant challenges to conven-
tional machine learning algorithms. As datasets grow in size and dimensionality,
these algorithms often encounter difficulties related to computational scalabil-
ity, sensitivity to noise, and the ability to extract relevant patterns from high-
dimensional data. Addressing these issues requires more robust, adaptive ap-
proaches capable of handling diverse and complex information landscapes with-
out compromising accuracy or efficiency.
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In traditional machine learning, Random Forest (RF [5]) is a robust and
scalable approach. By using ensemble learning and randomization, it minimizes
variance and enhances generalization across diverse data distributions. Its ability
to support parallelization also makes it ideal for large-scale learning where com-
putational efficiency is important [21]. Despite their strengths, RFs encounter
scalability issues with very large datasets, as constructing each decision tree re-
quires a full scan of the training data—resulting in training times that increase
linearly with both dataset size and the number of trees [17]. Additionally, in
high-dimensional spaces, RFs may be less effective at capturing intricate feature
interactions compared to more sophisticated models [26].

To overcome the challenges mentioned, we introduce a parallel local learning
algorithm called kRF, inspired by clustering-based approaches, for efficient clas-
sification of large-scale datasets. Unlike traditional global RF models, which of-
ten encounter scalability limitations, kRF builds multiple local RF's concurrently
by dividing the data using the k-means algorithm [22] and training independent
models within each cluster. This approach reduces computational load and sup-
ports parallel processing on multi-core systems. To eliminate the need for manual
hyper-parameter tuning, we introduce the autokRF algorithms, which automates
the optimization process by integrating multiple strategies: grid search [2,33],
the .632 bootstrap estimator [15], hill climbing heuristics [28], Q-Learning [36],
and Bayesian Optimization [30]. The autokRF-GS variant combines grid search,
bootstrap sampling, and hill climbing, while autokRF-RL and autokRF-BO use
Q-Learning and Bayesian Optimization, respectively, to adapt hyper-parameters
dynamically based on validation performance. It is important to note that this
study primarily focuses on enhancing the performance of the RF algorithm,
rather than conducting a comparative analysis across multiple classifiers. While
improvements are achieved in both training time and classification accuracy, our
central objective lies in optimizing computational efficiency—specifically, reduc-
ing training time when working with large-scale datasets. This focus addresses a
critical challenge in the era of big data, where the scalability and responsiveness
of machine learning models are key to their practical applicability.

The numerical test results on the ImageNet dataset [7] show that kRF,
autokRF-GS, autokRF-RL, and autokRF-BO consistently surpass the standard
RF algorithm, delivering notable gains in classification accuracy and training ef-
ficiency. On a Linux Ubuntu 24.04 system equipped with an Intel Core i5-12400
CPU (4.4 GHz, 6 cores, 12 threads) and 32 GB of RAM, these algorithms com-
pleted the ImageNet classification task in 9.2, 10.83, 11.04, and 10.58 minutes,
respectively, achieving classification accuracy above 88% (a specific comparison
presented in Section 3.3).

The rest of this paper is structured as follows. Section 2 describes the kRF
algorithm and the proposed methods, including autokRF-GS, autokRF-RL, and
autokRF-BO, for automated hyper-parameter optimization in large-scale dataset
classification tasks. Section 3 details the empirical results. Section 4 discusses
related work and provides a brief discussion, followed by the conclusion and
future directions in Section 5.
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2 Methods

As previously outlined, the core emphasis of this study is on developing an en-
hanced variant of the Random Forest (RF) algorithm. Consequently, a concise
overview of the standard RF methodology will be provided in the following sec-
tion to establish the foundational context. In the following sections, our proposed
improvements and the novel algorithmic framework will be presented in detail.

2.1 Random forest

Random Forests (RF), developed by Breiman [5], are a robust ensemble tech-
nique that integrates bootstrap aggregating (bagging) with decision trees to
improve accuracy and generalization in supervised learning tasks. The learning
algorithm aims to construct multiple decision trees during training and com-
bining their outputs to improve accuracy and stability. Each tree is built on a
random subset of the data and features, and the prediction are made by major-
ity voting (for classification) or averaging (for regression). This approach reduces
overfitting and enhances robustness. Additionally, it supports parallel processing,
making it efficient for deal with large datasets. Nevertheless, as the number of
trees in the ensemble increases, the computational cost also grows significantly.
Although parallelization can mitigate this to some extent, large-scale datasets
such as ImageNet [7] still pose considerable scalability challenges. In addition,
the reliance on manual hyper-parameter tuning hinders the widespread use of
RF in large-scale or automated machine learning workflows [26]. In this study,
we introduce novel algorithms designed to enhance the performance and scala-
bility of the RF. The technical details and methodological advancements of these
proposed algorithms will be thoroughly discussed in the following sections.

2.2 Learning algorithm for the k-local random forest model (kRF)

Scaling the RF algorithm has become increasingly important due to the surge in
data volume and complexity in modern large-scale classification tasks. Although
RF is widely recognized for its robustness and strong predictive performance,
it suffers from several limitations when applied to massive datasets. Notably,
training a single RF model on a large dataset can be computationally expensive,
memory-intensive, and difficult to parallelize efficiently, leading to substantial
delays and system bottlenecks.

Hence, to scale the RF algorithm for large-scale classification tasks, we pro-
pose the k-local RF algorithm (kKRF), which introduces a scalable and compu-
tationally efficient alternative. The motivation behind this approach lies in the
principle of localized learning. Instead of constructing a global model on the en-
tire dataset, we partition the data into k disjoint clusters using the k-means
algorithm. Each subset captures a regionally homogeneous portion of the input
space, allowing independent RF models to be trained in parallel. This design nat-
urally supports multi-core computation and significantly reduces training time,
as each local model handles a smaller and more coherent data distribution. As
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Training dataset D

Partition D into k clusters with k-means

’cl,RFl = RF(D1,0) \ ]cg,RF2 = RF(D>,0) \ ’ck,RFk = RF(Dy,0) \

Fig. 1: Flowchart illustrating the process of parallel training for a k-local
random forest model. The chart begins with a box labeled “Training dataset
D”, which is partitioned into k clusters using k-means. Arrows lead to circles
labeled D1, D, ..., Dy. Each circle connects to a box showing the formula ¢;,
RF; = RF(D;,theta), where ¢ ranges from 1 to k, representing the training of

random forest models on each cluster.

illustrated in Figure 1, the training process of kRF consists of two main stages:
(1) partitioning the training dataset D into k disjoint subsets {D1, Da, ..., Dy}
using k-means clustering algorithm [22], and (2) training independent RF models
on each cluster. This localized approach enables efficient parallel training across
multiple CPU cores, as described in Algorithm 1. The input to the algorithm
includes a training dataset D containing m datapoints, a specified number of
clusters k, and a set of hyper-parameters 6 that configure the Random Forest
training process. The output is a set of k local Random Forest models, each
trained on a distinct cluster and associated with its corresponding centroid, en-
abling efficient and scalable classification through localized inference.

Moreover, during inference, the system intelligently selects the most appro-
priate model by identifying the nearest cluster centroid to the input data point.
This targeted prediction strategy not only improves computational efficiency but
also enhances model accuracy by reducing the influence of irrelevant patterns
found in distant regions of the feature space. In particular, a formal definition
is introduced as follows:

Definition 1 (Nearest-Centroid Local Model Selection). Given a set of
k cluster centroids {ci,ca,...,ck} € R™, each associated with a local Random
Forest model RF;, the Nearest-Centroid Local Model Selection assigns a test
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datapoint x € R™ to the local model RFnyN based on the closest centroid in
Fuclidean space:

RFNn(z) < RFj-, where j*=arg min |z —¢;l|2-
je{l,....k}

Algorithm 1 Parallel training algorithm for k-local random forests (kRF)

input:
training dataset D with m datapoints;
number of clusters k;
hyper parameters § = {n_estimators, max_depth, max_features}
output:
k local RF models trained on k clusters
1: begin
2: /* k-means performs data clustering on D in parallel; */
3 Create k clusters denoted by D1, Da, ..., Dy
4: Compute their corresponding centers ci, ca,. .., Ck
5: /* Parallel training of the k-local RF model; */
6: fori+ 1tok
7 /* Learning a local RF from D;; */
8 RF; < RF(D;,0)
9: end
10: return kRF-model = {(c1, RF1), (c2, RF»),..., (ckx, RF})}
11: end

According to the computational framework introduced by Hastie et al. [18],
the training complexity of a standard RF algorithm is given by O(T - m - n’ -
¢ - logm), where T' denotes the number of trees, m is the number of training
datapoints, n represents the number of features (the maximum number of ran-
dom features n’ = \/n), and ¢ classes. When training is parallelized across a
processor with P cores—assuming that each decision tree is constructed inde-
pendently—the complexity can be reduced to:

O<£~m~n’~c~10gm> (1)

The proposed kRF algorithm enhances computational efficiency by dividing
the dataset into k disjoint clusters and training k independent local RF models in
parallel. The computational cost of executing k-means clustering with ¢ iterations
on a processor with P cores is given by:

O(%~n~k~t) (2)

Remark 1 (Computational Complexity and Speedup of kRF with P processors).

Assuming that each cluster is balanced, the size of each cluster is 7*, and the
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number of classes in each cluster is <, where 1 < r < k, and the computational
workload is evenly distributed across P processors, the total training complexity
of the kRF algorithm can be expressed as:

T , €T m
— . m-n - — .log —
O(P men’— ng)’ (3)

where T is the number of trees, m the number of training samples, n the number
of features, and ¢ the number of classes.

By omitting the clustering overhead, the theoretical speedup ratio of kRF
over standard RF becomes:

k-logm

(4)

Speedup =
P P r - (logm — log k)

This result demonstrates that kRF offers significant computational gains in
large-scale settings, especially with increasing k, though it may involve trade-offs
in accuracy and model generalization.

The speedup ratio in formula 4 demonstrates that the kRF algorithm can
substantially reduce training time compared to the standard RF. As emphasized
in prior works [4,9,11], the parameter k gives a trade-off between computational
efficiency and generalization performance. Specifically, increasing k reduces the
computational load by enabling finer-grained parallelism and smaller local mod-
els, but it also increases model locality, which may reduce classification accuracy.
In contrast, using a smaller value of k tends to preserve global data structure
and improve accuracy, despite providing less significant savings in training time.
Therefore, choosing an appropriate k is important to balance efficiency and pre-
dictive performance in the kRF algorithm.

2.3 Automatic hyper-parameters tuning for k local random forests

The training procedure of the kRF algorithm, as outlined in Algorithm 1, is
governed by four key parameters: the number of local models k, and the hyper-
parameter set § = {n_estimators,max_depth,max features}. As emphasized
in prior studies [5,26], these hyper-parameters play a pivotal role in shaping
the performance, generalization ability, and computational efficiency of Ran-
dom Forest models. However, determining optimal values often proves difficult,
particularly for non-specialist users, due to the complex interdependencies and
dataset-specific behaviors involved in the tuning process. Specially, the manual
tuning can be challenging for non-expert users.

To address the limitations of manual hyper-parameter tuning, we propose
autokRF algorithms, which automate the selection of hyper-parameters, such as
k, n_estimators, max_depth, and max_features, for each local RF model within
the kKRF framework. Unlike conventional global tuning approaches, AutokRF
algorithms assign a distinct hyper-parameter set 6; to each local model trained
on its corresponding data partition D;, optimizing for classification accuracy.
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Algorithm 2 Automated hyper-parameter tuning for k-local random forests
(autokRF)

input:

training dataset D with m datapoints
output:

k local RF model

1
2 Set k < L%J

3 /* k-means performs data clustering on D in parallel; */
4 Create k clusters denoted by D1, Da, ..., Dy

5: Compute their corresponding centers ci, ¢z, ..., Ck

6 /* Parallel training of the k-local RF model; */

7 fori< 1tok

8

/* Searching the optimal hyper-parameters for a local RF from D;; */

9: 0" = RF-{GS|RL|BO}(D;)

10: /* Learning a local RF from D; with 6*; */
11: RF; « RF(D;,0%)

12: end

13: return kRF-model = {(c1, RF1), (c2, RF2), ..., (ck, RFy)}
14: end

To evaluate model performance during tuning, we propose to use the .632
bootstrap estimator [14], due to its simplicity and efficiency in terms of accuracy
and time. For each partition D;, a bootstrap sample B; is generated, typically
containing about 63.2% unique datapoints from D;; the remaining 36.8% con-
stitute the out-of-bag (OOB) set OOB;. The model M; is trained on B; and
evaluated on both B; and OOB;, with its prediction error estimated as:

——.632 —_— —
Err = 0.632 - Err(OOB;, M;) + 0.368 - Err(B;, M;). (5)

This estimator reduces overfitting bias while maintaining low variance, mak-
ing it well-suited for localized model evaluation.

According to the performance analysis of local learning algorithms [4,11],
each local data partition should contain approximately 500 datapoints to achieve
a balance between model accuracy and computational complexity. In our pro-
posed autokRF algorithms presented in Algorithm 2, we determine the pa-
rameter k such that each resulting cluster contains roughly 500 datapoints for
training the k-local RF model. Subsequently, we automate the tuning of key
hyper-parameters (6* = n_estimators®, max_depth*, max_features*) during
the training process of the k-local RF models.

In Algorithm 2, we introduce three distinct strategies for hyper-parameter
optimization in the context of k-local Random Forests.

(1) The first approach, referred to as autokRF-GS, leverages exhaustive Grid
Search combined with bootstrap sampling and hill climbing to systematically ex-
plore the parameter space. Moreover, autokRF-GS, automates hyper-parameter
tuning during the training of k-local RF models. It performs an exhaustive grid
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search over predefined hyper-parameter ranges: n_estimators € [25, 50, 75, 100],
max_depth € [20, 30,45, None], and max_features € [“sqrt”, “log2”]. To improve
efficiency, autokRF-GS incorporates a hill-climbing strategy [28] that terminates
the search early if no performance gain is observed over two consecutive steps.

(2) Our second automated learning algorithm, autokRF-RL, leverages re-
inforcement learning [36] to optimize hyper-parameters during the training of
k-local RF models. Q-learning is a model-free reinforcement learning technique
that learns optimal actions through experience, without requiring a model of
the environment. It iteratively updates a Q-table based on the Bellman equa-
tion, using observed rewards to refine estimates of action values (n_estimators,
max_depth, and max_features). We adopt Q-learning to optimize hyper-parameters
for RF within a multi-armed bandit (MAB) framework. Each action in the
MAB corresponds to a specific combination of hyper-parameters, and rewards
are defined as the negative validation error. At each iteration, the algorithm
chooses between exploring new hyper-parameter configurations or exploiting the
best-known ones, using an e-greedy policy. The Q-values are updated after each
episode based on the observed reward, allowing the model to gradually converge
to an optimal configuration.

(3) The third automated learning algorithm, called autokRF-BO, applies
Bayesian Optimization (BO [30]) for performing hyper-parameter tuning during
the training of k-local RF models. BO approximates the objective function using
a surrogate probabilistic model—typically a Gaussian Process (GP) which not
only predicts performance but also quantifies uncertainty. At each iteration, an
acquisition function, such as Expected Improvement (EI) or Upper Confidence
Bound (UCB), is maximized to select the next promising hyper-parameter con-
figuration for evaluation. This technique enables BO to balance exploration of
unknown regions with exploitation of high-performing areas, making it ideal for
high-dimensional and costly search spaces. In our implementation, BO is inte-
grated into the autokRF-BO algorithm to guide hyper-parameter selection for
each local model. Given a local partition (D;), BO constructs a surrogate model
over the hyper-parameter space {n_estimators,max_depth,max_features}, aim-
ing to approximate the validation accuracy. The acquisition function is repeat-
edly optimized to propose new configurations, which are evaluated to refine the
surrogate model.

Remark 2 (Computational Complezity of autokRF). The overall training com-
plexity of the autokRF algorithm can be formally estimated as:

O(m~n~k-t)—I—O(k-H)—&—O(T~m-n-log%)7
where m is the number of training instances, n the number of features, k = L%J
the number of clusters, ¢ the number of k-means iterations, T the number of
trees in each forest, and H the computational cost of hyper-parameter tuning per
cluster (via grid search, reinforcement learning, or Bayesian optimization). This
formulation emphasizes the efficiency gains from localized training and paral-
lel execution, while acknowledging that the tuning phase may incur significant
overhead.
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3 Numerical Test Results

We aim to evaluate the performance of our proposed algorithms, including kRF,
autokRF-GS, autokRF-RL, and autokRF-BO, for large-scale data classification.
These algorithms were implemented in Python. For developing kRF, autokRF-
GS, autokRF-RL, and autokRF-BO, we used the Scikit-learn library [25] and
Keras [6] with TensorFlow [1] as the back-end, and the Bayesian Optimization
library [24]. The parallelization was achieved on multi-core CPUs via the joblib
library for shared-memory parallelism.

The experiments were performed on a Linux Ubuntu 24.04 system equipped
with an Intel Core i5-12400 CPU (4.4 GHz, 6 cores, 12 threads) and 32 GB of
RAM. Now, we provide the dataset (ImageNet utilized in this study), parameters
and experimental results of our proposal in the following sections.

3.1 ImageNet Dataset

We perform experimental evaluation on the ImageNet ILSVRC2012 dataset [7],
a well-known and challenging benchmark consisting of 1,281,167 images across
1,000 classes, commonly used for image classification research.

For feature extraction, we used the pre-trained Vision Transformer (ViT)
model [13], specifically the Base variant with a 16 x 16 patch size. The MLP clas-
sification head is removed, and the model is used to extract 768-dimensional fea-
ture vectors from the images. The dataset is split into a training set of 1,024,933
images and a test set of 256,234 images.

We assess performance using Top-1 accuracy, which measures the percentage
of test images whose top predicted label matches the ground truth. In this 1,000-
class classification setting, the expected accuracy from random guessing is just
0.1%.

3.2 Tuning hyper-parameters

Due to the large dataset size and hardware limitations, we only tuned the base-
line Random Forest’s n_estimators hyper-parameter (tested values: 50, 75, 100),
while keeping other hyper-parameters (max_depth, max_features) at their de-
fault settings. The results indicate that n_estimators = 100 yields the highest
classification accuracy. Therefore, we adopt n_estimators = 100 as the standard
configuration across all methods, capping the maximum number of trees at 100
to ensure both fairness and computational feasibility in the evaluation.

For our new local algorithm KRF, there is a balance between a local learning
system’s capacity and the number of training examples. A large value of k reduces
the training time of kRF but increases the locality of the model, which may lead
to a decrease in classification accuracy. Conversely, a small value of k does not
significantly reduce training time but can improve the accuracy of the kRF
model. And then, the parameter k is typically chosen to create cluster sizes of
200-500, as illustrated in [4,11]. For a training dataset with m datapoints, we
tested various values of k: m /500, m/750, m /1000, m/1250, and m/1500. We
found that k = m /1000 yielded the best results.
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3.3 Classification Results

Classification results are presented in Table 1, with visual comparisons illus-
trated in Figures 3 and 2, highlighting both accuracy and training time. The
baseline Random Forest (RF) model achieves an accuracy of 88.13%, but with
a significantly long training time of 187.04 minutes, underscoring its computa-
tional inefficiency on large-scale datasets.

Table 1: Classification results

No|Algorithms |Accuracy (%)|Time (min)
1 |RF 88.13 187.04

2 |kRF 88.32 9.2

3 |autokRF-GS 88.35 10.83

4 |autokRF-RL 88.32 9.93

5 |autokRF-BO 88.41 10.58

All proposed methods outperform the baseline RF in terms of accuracy while
drastically reducing training time. The kRF algorithm achieves an accuracy of
88.32% and completes training in only 9.2 minutes—the fastest among all meth-
ods—demonstrating the effectiveness of local learning with parallel execution.

Among the autotuned variants, autokRF-BO delivers the highest classifi-
cation accuracy of 88.41%, representing a 0.28% improvement over RF. The
autokRF-GS and autokRF-RL variants also show consistent gains, with accura-
cies of 88.35% and 88.32%, respectively, while maintaining training times under
11 minutes.

These results illustrate that the autokRF algorithms consistently enhance
both predictive performance and training efficiency, with autokRF-BO offering
the best balance between accuracy and computational cost. The improvements,
though modest in percentage terms, are meaningful given the scale and com-
plexity of the dataset, and the dramatic reduction in training time makes these
approaches well-suited for real-world applications.

4 Related Work

Random Forests, developed by Breiman [5], are robust tools in the classifica-
tion and regression of high-dimensional and noisy data effectively [8,21,27,31,34].
However, the complexity of the training algorithm for the RF model is very high
when handling very large datasets like the ImageNet challenge [7]. Studies ad-
dressing the processing of large datasets have been proposed in the works of
[4,9,11], reducing algorithm complexity through parallel training of SVM classi-
fiers and local neural networks on multi-core processors.

Furthermore, when training any machine learning model, tuning appropri-
ate hyper-parameters to achieve a high-quality model is a time-consuming task.
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Training time comparison of RF and competing algorithms
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Fig. 2: Bar chart comparing training times of different algorithms. The vertical
axis represents time in minutes, ranging from 0 to 200. The horizontal axis lists
five algorithms: RF, kRF, autokRF-GS, autokRF-RL, and autokRF-BO. RF
has the highest training time at 187.04 minutes, while the other algorithms
range from 9.2 to 11.04 minutes, indicating significantly shorter training times.

When users must persistently apply a trial-and-error strategy to find an opti-
mal set of hyper-parameters, it is a very hard and monotonous process. Prior
work by [10] developed automated hyper-parameter tuning for local SVM model
training, using grid search and the .632 bootstrap method [14]. Auto-WEKA
[33] is an automated machine learning tool built on the WEKA platform, de-
signed to simplify the process of selecting and tuning machine learning models.
Using Bayesian optimization, it efficiently explores the hyper-parameter space,
making it particularly helpful for non-expert users who want to develop effective
predictive models without manual trial-and-error. Hyperopt [2] uses Bayesian
optimization techniques, specifically Tree-structured Parzen Estimator (TPE)
and Random Search, to efficiently explore the hyper-parameter space, used for
optimizing complex models like neural networks and ensemble methods, offering
a flexible and scalable approach compared to grid search or manual tuning. HPO
[3] aims to find the optimal combination of these settings to maximize model ac-
curacy, minimize error, or achieve other performance metrics, using grid search,
random search, Bayesian optimization, gradient-based methods, evolutionary al-
gorithms and reinforcement learning.
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Comparative accuracy of RF and competing algorithms
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Fig. 3: Bar chart comparing the accuracy percentages of different algorithms:
RF, kRF, autokRF-GS, autokRF-RL, and autokRF-BO. The y-axis represents
accuracy in percentage, ranging from 88 to 88.5%. RF shows an accuracy of
88.13%, kRF at 88.32%, autokRF-GS at 88.35, autokRF-RL at 88.39%, and
autokRF-BO at 88.41%. The chart highlights the comparative performance of
these algorithms.

Our research proposes kRF and autokRF algorithms for automatically tun-
ing hyper-parameters [19,26,35] during the parallel training of local RF models
for large-scale data classification [12,32]. By employing a local learning paradigm
in conjunction with parallelized training across multiple clusters [29], the kRF
framework significantly curtails computational overhead while preserving com-
petitive classification performance. Noteworthy performance gains are further re-
alized through the integration of automated hyper-parameter optimization [16,38].
A major advantage of the proposed methodology is its architectural adaptability.
First, the clustering-based decomposition [20,39] enables efficient model paral-
lelism while retaining performance stability. Second, the inclusion of automated
tuning modules effectively navigates the high-dimensional hyper-parameter space
[23,37], reducing reliance on expert intervention. Third, the simplicity and in-
terpretability of the k-means partitioning scheme facilitate straightforward inte-
gration into existing machine learning workflows.

In general, the kRF and autokRF frameworks provide a principled, effi-
cient, and scalable approach to classification under high-dimensional conditions.
Their ability to harmonize computational speed and predictive robustness ren-
ders them highly applicable to real-world machine learning systems, particularly
in domains where both performance and efficiency are paramount.
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5 Conclusion and Future Work

Our paper addresses the growing challenge of large-scale, high-dimensional data
in machine learning by proposing a novel parallel local learning algorithm, kRF.
By partitioning the data set using clustering of £ mean and training independent
RF models within each cluster, kRF significantly improves scalability and com-
putational efficiency. To further enhance usability and model performance, we in-
troduce the autokRF suite of algorithms, which automate hyper-parameter tun-
ing through a combination of search strategies, heuristics, reinforcement learn-
ing, and Bayesian optimization. Experimental results in the ImageNet dataset
demonstrate that kRF, autokRF-GS, autokRF-RL, and autokRF-BO outper-
form standard RFs, achieving greater 88% classification accuracy and completing
training in less than 11 minutes on a modern multicore system. These advance-
ments make kRF and autokRF highly effective for large-scale classification tasks,
offering both improved accuracy and computational efficiency.

Future research will pay attention at extending autokRF to support stream-
ing data and online learning scenarios. We also plan to explore alternative clus-
tering techniques to improve the diversity of the local model and the alignment
of the boundaries. Finally, our objective is to apply autokRF in other domains
such as genomics and cybersecurity to evaluate its generalization across various
types of data.
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