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 A B S T R A C T

Recent advancements in Machine Learning (ML) have driven increased interest and demand in the field. 
However, the complexity and mathematical background required for many techniques can be challenging 
for newcomers and enthusiasts. For many years, Weka has been a cornerstone in introductory ML courses 
worldwide, offering a user-friendly interface that facilitates understanding of various methods. As an open-
source software with an active community, Weka has continued to evolve with new attributes. With the 
growing size of datasets, users are increasingly looking for ways to accelerate computations. GPUs have become 
a preferred solution for efficiently building and deploying ML models. This paper presents Accelerated Weka, a 
software framework that integrates GPU-accelerated methods within Weka’s intuitive graphical user interface, 
significantly reducing execution times for large datasets while preserving Weka’s accessibility. Benchmark 
results indicate that Accelerated Weka can achieve 2,198x speedup on an A100 chip. The framework retains 
Weka’s GPL 3.0 license and offers a straightforward installation process through the Conda environment.
1. Introduction

In recent years, there has been a surge in the development and 
adoption of Machine Learning (ML) tools. Open source tools such as 
Weka1 and scikit-learn2 have become standard in the field, each with 
years of development and widespread usage. Weka in particular, has 
become a staple in introductory ML education due to its user-friendly 
Graphical User Interface (GUI) that allows beginners to easily explore 
various ML algorithms

Technological advancements, such as faster GPUs and libraries de-
signed to exploit GPU computation, have revolutionized the field by 
significantly accelerating compute-intensive models. However, adapt-
ing mature software with years of development to harness these new 
technologies is a complex, difficult, and time-consuming task. Many 
methods need to be completely reformulated to exploit GPU-based 
data-parallelism.

Despite Weka’s extensive attributes, its reliance on CPU processing 
limits its performance with large-scale datasets, an increasing issue 
as models become more compute-intensive and the data sphere keeps 
growing. It is, therefore, important to provide as much GPU accel-
eration as possible while maintaining Weka’s user-friendly GUI. This 

∗ Corresponding author.
E-mail addresses: guilherme.cassales@waikato.ac.nz (G.W. Cassales), justin.l@waikato.ac.nz (J.J. Liu), abifet@waikato.ac.nz (A. Bifet).

1 In this document, Weka refers to the open-source Weka Workbench, available at: https://ml.cms.waikato.ac.nz/weka/. It should not be confused with the 
similarly named commercial cloud data platform.

2 https://scikit-learn.org/stable/.
3 https://github.com/Waikato/acceleratedWeka.
4 https://github.com/Waikato/wekaRAPIDS.
5 https://docs.conda.io/projects/conda/en/latest/index.html.

improvement can greatly benefit users by combining the power of GPU 
computation with the accessibility and educational value of Weka’s 
interface.

This paper introduces Accelerated Weka,3 a software framework 
designed to simplify the installation, configuration, and utilization of 
GPU-accelerated ML within Weka. At the framework’s core is wekaRA-
PIDS,4 a new integration developed by the authors to connect Weka 
with the RAPIDS suite of GPU-accelerated libraries [1]. Accelerated 
Weka also incorporates existing packages like WekaDeeplearning4j 
(WDL4J) [2] and wekaPython, providing a seamless environment with 
minimal setup for exploring GPU-accelerated ML algorithms through 
Weka’s intuitive GUI.

2. Accelerated weka

The framework is designed to support users with limited experience 
in system configuration, offering an straightforward setup process and 
GUI-based configuration for executing ML tasks. By bundling essential 
GPU-accelerated libraries within a single installation package, our so-
lution eliminates the complexity typically associated with setting up 
GPU-based ML environments.
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Fig. 1. Architecture of packages.
The framework relies on conda5 to automate environment setup 
with a single command. In addition, it also introduces compatibility 
with the RAPIDS, an API suite of GPU-accelerated data science and AI 
libraries that mirror popular open-source tools such as pandas [3] and 
scikit-learn [4]. Key RAPIDS components include cuDF [5] for GPU-
accelerated DataFrame processing and cuML [6] for GPU-accelerated 
ML algorithms.

2.1. Architecture

The architecture of Accelerated Weka includes WDL4J, which inte-
grates deep learning capabilities via the Deeplearning4j (DL4J) library, 
and wekaRAPIDS, which extends Weka’s support to traditional ML 
methods like classification and regression through RAPIDS integration. 
While WDL4J handles deep learning, wekaRAPIDS covers a broad range 
of classical ML methods. Thus, both packages have a synergetic nature 
rather than a competitive one. To facilitate future updates, wekaRA-
PIDS employs a base wrapper class that implements all supported 
RAPIDS algorithms, allowing easy access and parameter configura-
tion through Weka’s GUI. Supported RAPIDS methods include Logisti-
cRegression, Ridge, Lasso, ElasticNet, MBSGDClassifier, MBSGDRegres-
sor, MultinomialNB, BernoulliNB, GaussianNB, RandomForestClassi-
fier, RandomForestRegressor, SVC, SVR, LinearSVC, KNeighborsClassi-
fier, and KNeighborsRegressor.

Fig.  1 illustrates the package architecture, showing both new and ex-
isting components. The figure also portrays how Accelerated Weka pro-
vides a combined package that includes existing packages WekaDL4J 
and wekaPython, as well as the newly developed wekaRAPIDS, under 
an easy installation setup that uses Conda.

While the supported RAPIDS methods were carefully selected, they 
are not exhaustive, and future versions of RAPIDS may include ad-
ditional relevant algorithms. To accommodate this, wekaRAPIDS was 
designed with extensibility in mind. New learners can be integrated 
by adding their configuration to the CuMLClassifier class. Once 
the parameter setup is adjusted with the appropriate identifying flags, 
the system automatically instantiates the new classes and handles 
execution.

For Python integration within Weka, the original wekaPython
package established communication with Python libraries such as 
scikit-learn and XGBoost6 by creating a server and exchanging data 
through sockets. This setup allowed Weka users to run Python code 
directly within the Weka Workbench. Initially, wekaRAPIDS used a 
similar approach for integrating RAPIDS. However, to improve per-
formance, it was later upgraded to leverage Apache Arrow and GPU 
memory sharing, significantly reducing the overhead associated with 
data transfer between Java and Python. Fig.  2 illustrates the work-
flow of Accelerated Weka, highlighting the efficient data exchange 
facilitated by GPU memory sharing and Apache Arrow.

Apache Arrow provides a cross-language, in-memory columnar data 
format optimized for analytical workloads. Its structure allows applica-
tions in different languages (such as Java and Python) to share data 

6 https://xgboost.readthedocs.io/en/stable/python/python_intro.html.
2 
Fig. 2. Workflow of accelerated Weka.

with minimal serialization and deserialization overhead. In wekaRA-
PIDS, Apache Arrow is used to represent Weka Instances as Arrow Ta-
bles, enabling zero-copy data transfers between Java and Python envi-
ronments. The sendInstancesArrow function within the Rapid-
sUtils class converts Weka Instances objects into the Apache 
Arrow format. Each attribute is transformed into an Arrow object 
called ColumnVector, which are then combined into an Arrow 
Table. The table is serialized using Apache Arrow’s Inter-Process 
Communication (IPC) protocol and transmitted via an OutputStream
to the Python environment, where it can be directly consumed by 
RAPIDS algorithms. This approach greatly reduces latency compared 
to traditional socket-based transmission, where data must be serialized, 
sent over the network, and deserialized on the receiving side.

The, alternative, GPU memory sharing method enables different 
processes or applications to access data stored directly in GPU memory, 
without the need to first transfer it back to CPU memory. In the 
context of wekaRAPIDS, this means that once data is prepared for GPU-
accelerated processing (e.g., by RAPIDS libraries), it remains on the 
GPU throughout the computation. The sendInstancesCuda func-
tion is used to provide a lower-level, more direct, transfer by flattening 
the dataset into a floating-point array and transferring the data directly 
from host to GPU memory. This process allocates memory on the GPU 
via CUDA APIs (i.e., cudf), which allows the Python process to access 
the shared GPU memory without any serialization or copying between 

https://xgboost.readthedocs.io/en/stable/python/python_intro.html
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CPU and GPU. By avoiding the expensive step of repeatedly moving 
data between CPU and GPU memory, GPU memory sharing improves 
memory efficiency and significantly accelerates processing times.

Together, Apache Arrow and GPU memory sharing create an ef-
ficient, streamlined data transfer pipeline within wekaRAPIDS. These 
optimizations not only lower runtime overhead but also enable the 
processing of large datasets that would otherwise suffer significant 
delays with conventional socket-based communication.

More broadly, the design choices in Accelerated Weka ensure that 
the system remains future-ready. As GPU architectures, IPC technolo-
gies, and machine learning libraries continue to evolve, Accelerated 
Weka’s flexible infrastructure allows users to benefit from these ad-
vancements with minimal disruption. Faster data handling, smarter 
integration, and scalability are at the core of Accelerated Weka’s ar-
chitecture — preparing Weka users for the next generation of machine 
learning workflows. 

2.2. Installation and usage

Accelerated Weka is easily installed using Conda, enabling users to 
set up all necessary dependencies with a single command. For example, 
to install on a Linux system, open a terminal and run the following 
command:

conda create --solver=libmamba -n accelweka -c rapidsai -c nvidia -c
conda-forge -c waikato weka

After Conda environment creation, activate it:

    conda activate accelweka

Once activated, the Weka GUI can be launched with the command:

    weka

Additionally, users can run experiments from the command line, 
with examples provided in the documentation.7

3. Benchmarks

We evaluated the performance of Accelerated Weka by comparing 
the execution time of standard Weka algorithms (CPU) with their 
GPU-accelerated counterparts from wekaRAPIDS. To demonstrate per-
formance across a range of systems, we ran benchmarks on both 
consumer-grade and high-performance hardware: a Ryzen 9 5950X 
with an RTX 4090, and a DGX Station with EPYC 7742 CPUs and up to 
four A100 GPUs. Unless stated otherwise, all experiments use a single 
GPU.

We used a mix of synthetic and real-world datasets. Synthetic 
datasets were chosen for reproducibility and control over attributes 
and instance counts (see Section 4). Two key generators were used: 
Random Decision Generator (RDG) and Random Radial Basis Function 
(RandomRBF).

RDG creates data by generating instances from a list of rules. Each 
rule can have several boolean tests on input attributes, controlled by
minRuleSize and maxRuleSize, which we set to 5 and 20 (default: 
1 and 10). All other parameters were left as default, except the number 
of instances and attributes. We generated datasets with 1, 2, 5, and 
10 million instances (each with 10 attributes), and one with 5 million 
instances and 20 attributes.

RandomRBF defines class centers randomly, assigning each a
weight, position, and standard deviation. Instances are generated by 
sampling around these centers, with class labels derived from the 
selected center. This generator produces only numeric attributes.

7 https://waikato.github.io/acceleratedWEKA/user_guide/getting_started/.
3 
Dataset names encode their configurations: the number of attributes 
appears after an underscore (_), followed by ‘a’ (e.g., _a10); the num-
ber of instances appears after ‘_n_’ (e.g., _n5m for 5 million instances).

While synthetic datasets help explore performance under controlled 
conditions, real-world data shows where Accelerated Weka can offer 
practical benefits. Next we briefly introduce them. The covertype [7] 
dataset contains 581 K instances and 54 attributes. It maps ecologi-
cal and cartographic data (e.g., elevation, soil type) to one of seven 
forest cover classes. Useful for testing multiclass classification, mixed 
attribute types, and imbalanced data. The Bar Crawl [8] dataset has 
time series accelerometer data (14M instances, 15 attributes) collected 
during a bar crawl, with a regression target of Transdermal Alcohol 
Concentration (TAC). Can be reformulated as binary classification via 
a TAC threshold. PAMAP2 [9] dataset collected human-activity data 
(3.8M instances, 54 attributes) from 9 participants performing 18 phys-
ical activities. It is suitable for activity recognition, segmentation, and 
classification tasks. Lastly, the Physical [10] 6-XOR_64 bit dataset sim-
ulates Physical Unclonable Functions (PUFs), it contains 2.4M instances 
and 65 attributes. It is used in hardware security research.

3.1. Results

Table  1 presents the average running time for executing the Random 
Forest algorithm on the Ryzen 9 5950X CPU and the RTX 4090 GPU, 
while Table  2 presents the average running time of the kNN algorithm 
on the EPYC 7742 CPU and the A100 GPUs. Both tables present a 
column with the average transfer time among all experiments, which 
measures how much of the execution was spent transferring the dataset 
between the JVM and the python server. Furthermore, rows are ar-
ranged in ascending order of speedup to facilitate clearer comparisons 
across datasets.

3.2. Discussion

As a general observation, the benchmarks show that Accelerated 
Weka is most beneficial for compute-intensive tasks, though this benefit 
strongly depends on the dataset size and algorithm characteristics.

Notably, in Table  1 the smallest datasets (e.g., RandomRBF variants 
with 100, 1000, or 5000 instances) often perform worse on the GPU 
than on the CPU. This is due to the fixed overheads of initializing GPU 
libraries and transferring data to GPU memory, which are not offset by 
speedups when the dataset is too small.

Another interesting aspect of the benchmark is that the second 
experiment consistently achieves much higher speedups than the first. 
We attribute this to two factors: (i) the use of more specialized GPU 
hardware, and (ii) the nature of kNN, which involves extensive distance 
calculations that map well to GPU data-parallelism. The results in 
Table  2, indicate that GPU acceleration begins to show tangible gains 
around 100,000 instances. For instance, RandomRBF datasets of this 
size achieve speedups of 2.8× and 3.98×, which, while modest, mark 
the threshold where GPU acceleration starts becoming beneficial. Sub-
stantially larger gains are observed for datasets exceeding one million 
instances – such as RBF_a50_n1 m, PAMAP2, and Physical – where 
speedups range from 271.84× to 2198.16×.

Interestingly, adding up to three additional GPUs provides no fur-
ther improvement on these large datasets. Although more investigation 
is needed, we hypothesize that inter-GPU communication overhead 
may be limiting scalability in these cases. 

3.2.1. Deeper insights
Table  1 includes the number of instances and features for each 

dataset. A clear trend emerges: increasing the number of instances helps
alleviate the overhead associated with data transfer and GPU library 
initialization.

A particularly interesting comparison arises between RDG1_5m_20a 
and RDG1_10 m. Although both datasets contain roughly the same 

https://waikato.github.io/acceleratedWEKA/user_guide/getting_started/
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Table 1
Execution time of experiments with Random Forest using cross-validation comparing the baseline CPU (Ryzen 9 5950X) execution time with 
the Accelerated Weka execution time while sharing GPU memory on a RTX 4090. All times (i.e., CPU, GPU, and Transfer) in seconds.
 Dataset Instances Features CPU GPU Transfer Speedup

 RBFa5k 100 5000 4.095 27.99 10.90 0.15 
 RBFa5kn1k 1,000 5000 9.43 32.33 12.55 0.29 
 RBFa5kn5k 5,000 5000 36.05 50.11 19.91 0.72 
 RDG1_1m 1,000,000 10 520.92 57.74 9.98 9.02 
 RDG1_2m 2,000,000 10 1251.37 96.08 13.47 13.02 
 RDG1_5m 5,000,000 10 3598.81 233.20 25.88 15.43 
 RDG1_10m 10,000,000 10 7772.89 490.66 52.00 15.84 
 RDG1_5m_20a 5,000,000 20 5240.75 302.97 45.77 17.30 
 Bar_Crawl 14,000,000 15 45,654.22 1610.07 148.42 28.36 
 PAMAP2 3,850,000 54 51,599.36 741.22 66.09 69.61 
 Physical 2,400,000 65 23,173.77 275.21 66.25 84.20 
Table 2
Execution time of experiments with KNN without using cross-validation comparing the baseline CPU (EPYC 7742) execution time with the 
accelerated Weka execution on 1x and 4x NVIDIA A100 GPU. All runtimes in seconds.
 Dataset CPU 1x A100 Speedup Transfer 4x A100 Speedup Transfer

 RBFa50n10k 2.31 42.24 0.05 10.94 37.33 0.06 5.23 
 RBFa500n10k 2.40 44.43 0.05 6.44 39.80 0.06 5.93 
 RBFa5kn5k 6.58 59.94 0.11 10.68 56.21 0.12 10.42 
 RBFa5kn10k 11.54 62.98 0.18 13.88 59.82 0.19 14.23 
 RBFa500n100k 182.97 65.36 2.80 12.39 45.97 3.98 13.34 
 RBFa50n100k 177.34 43.37 4.09 5.90 37.94 4.67 5.87 
 covertype 3,755.80 67.05 56.01 9.86 42.42 88.54 10.23 
 RBFa50n1m 21,021.74 77.33 271.84 12.36 46.00 456.99 12.39 
 PAMAP2 197,494.26 178.64 1105.54 31.02 181.37 1088.90 30.40 
 Physical 313,260.23 142.51 2198.16 32.15 145.62 2151.22 31.51 
total data volume (instances × features), the former has fewer instances 
but twice as many features. Despite this, RDG1_5m_20a exhibits faster 
transfer and runtime on both CPU and GPU, suggesting that a higher 
feature count may contribute positively to performance in this context.

A similar pattern is observed when comparing Bar_Crawl and
PAMAP. Both datasets contain a comparable number of data points – 
approximately 210 million and 208 million floats, respectively – yet 
PAMAP demonstrates notably faster transfer and GPU execution times. 
One possible explanation is that Bar_Crawl’s larger feature count leads 
to the creation and traversal of deeper decision trees, especially given 
Weka’s default setting of no height limit in Random Forest. This effect 
may introduce additional computational complexity that offsets the 
GPU’s parallelism advantage.

Finally, the Physical dataset reinforces this bias toward high-
dimensional data benefiting more from GPU acceleration. With its 
relatively large number of features, it achieves the highest speedup 
among all datasets in this experiment. 

4. Documentation

The documentation for Accelerated Weka can be found at https:
//waikato.github.io/acceleratedWeka/. It includes a GUI tutorial, a CLI 
tutorial, references for other packages that have been used, and a 
template bash script8 with an example on how to easily run benchmarks 
using Accelerated Weka.

5. Conclusion

Accelerated Weka allows users to exploit GPU-accelerated meth-
ods in Weka through the wekaRAPIDS and WDL4J packages, while 
maintaining the easy-to-use GUI. The installation process is simplified 
using the Conda environment, making it straightforward to use our 
solution from the beginning. Finally, Accelerated Weka and the newly 
developed wekaRAPIDS keep the same GPU3.0 license as Weka, with 
the easiness of extending support of newly launched RAPIDS algorithms 
into wekaRAPIDS.

8 https://github.com/Waikato/wekaRAPIDS/blob/main/test.sh.
4 
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