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Abstract—The multiple-input machine learning system (MLS)
is a system architecture exploiting data diversity to improve
the output reliability of the system by comparing prediction
results on multiple input data. While the output reliability is
enhanced by redundancy, the architecture imposes additional
costs and non-negligible processing overheads. The performance
of multiple-input MLSs has been theoretically investigated in the
previous study using queueing analysis. However, it is little known
how real MLSs are impacted by the multiple predictions and
comparison processes needed in the architecture. In this paper,
we implement two-input MLSs in two different configurations,
a parallel type architecture and a shared type architecture, and
evaluate the reliability, performance, and energy consumption of
the system by experiments. Our empirical results unveil several
advantages of the shared type architecture that can suppress the
increases in response time and energy consumption by using a
shared machine learning module for predictions of two inputs.
We also compare the results of the performance simulation of
two-input MLS with the empirical results. While we confirm the
effectiveness of the simulation, we also find some gaps in the
real observations. For example, we observe that the inference
time distribution fits well in the log-normal distribution rather
than the exponential distribution assumed in the simulation. Qur
findings could be useful for developing performance models for
multiple-input MLSs.

Index Terms—Energy consumption, Machine learning system,
Performance, Reliability, Simulation

I. INTRODUCTION

In recent years, systems and services using machine learning
(ML) models have been widely used. Applications of MLs are
expanding in the fields requiring safety and high reliability,
such as medical image diagnosis and autonomous vehicles.
In such application fields, prediction errors may cause serious
problems, and hence, improving the reliability of MLSs is left
as a fundamental challenge. In terms of the reliability of MLSs,
existing studies focus on improving the robustness of ML mod-
els by generating adversarial samples that induce prediction
errors [1], and verifying the safety of neural networks subject
to adversarial examples [2]. These studies mainly consider the
performance and robustness of a single ML model rather than
an MLS. Meanwhile, the output reliability of MLSs can also
be enhanced by introducing multiple ML models.

A redundancy architecture known as the N-version MLS can
improve the system output reliability by diversifying predic-
tion results from ML modules [3]. By using multiple models
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and/or inputs, the output of the system can be more reliable
than relying on inference by a single ML module. Since it
is necessary to execute multiple inferences and compare the
results, it is concerned that response time and throughput
performance can decrease in real systems. The performance
of two-input MLSs has been theoretically investigated in the
previous study using queueing analysis [4]. However, the ex-
isting studies have not verified the performance characteristics
of two-input MLSs with real MLSs. Since queueing analysis
is based on theoretical assumptions, such as exponentially
distributed service time and the Poisson job arrival, it is
essential to validate the model’s assumptions with real data.

In this paper, we implement two-input MLSs and empiri-
cally investigate the performance characteristics of real MLSs
using diversified inputs. We consider image classification as
an ML task and measure the response time from data input
to the final output, the amount of processing per unit time
(throughput), and the mean energy consumption of the system
during the experiments. We conduct the same experiments for
two types of two-input MLSs, which are the parallel type
architecture and the shared type architecture. For the input data
distribution, the Poisson distribution and the constant interval
inputs are considered. Our performance experiment results
show that performance characteristics of empirical results are
generally similar to the results obtained by the queueing model
analysis. However, we also find some gaps between the empir-
ical and theoretical results. For example, the inference time of
the ML model fits well with the log-normal distribution instead
of the exponential distribution assumed in the queueing model.
In addition to the performance measurement experiment, we
tuned the simulation programs developed in the other study [5]
to adapt our experimental configuration to simulate the MLS
performance and compare the simulation with the empirical
results. As a result, we observe that the response time of
the empirical results is shorter than the simulation result in
the parallel type architecture, while it is longer than the
simulation results in the shared type architecture. There are
several reasons for the difference, but in common, the shared
type architecture MLS has a shorter average response time
than the parallel type.

We make the following contributions in this paper.



The performance characteristics of two-input MLSs are
empirically investigated. The parallel and shared type ar-
chitectures are compared in terms of reliability, through-
put, response time, and energy consumption.

We show that the observed performance characteristics
of two-input MLSs are generally similar to the theoret-
ical results based on queueing analysis. However, our
experimental results reveal that the ML inference time
distribution better fits the log-normal distribution rather
than the exponential one.

By comparing the simulation results with the empirical
results, we demonstrate the usefulness of the performance
simulation for analyzing the performance of MLSs.

The rest of the paper is organized as follows. In Section II,
we discuss the related work. In Section III, we describe the
two-input MLSs and introduce the parallel type architecture
and shared type architecture. Section IV explains the experi-
mental system. Section V presents the details of the experiment
procedure. Section VI describes experimental results. Section
VII compares simulation results with empirical results. Finally,
Section VIII gives our conclusion.

II. RELATED WORK

Regarding the performance of multiple-input MLSs, theoret-
ical studies have been conducted using queueing models. The
throughput of the parallel and the shared type architectures has
been evaluated by modeling with queueing theory [4]. When
the service rate is sufficiently high, it is shown that the parallel
type architecture has higher throughput than the shared type
architecture. A similar evaluation using a simulation program
was presented in [5]. The simulation results showed that the
shared type architecture had advantages in response time and
energy consumption. While these theoretical studies rely solely
on numerical analysis or simulation, the performance charac-
teristics of a real MLS have not been empirically investigated.
There is also a study regarding the modeling of MLS aiming
to optimize services on serverless platforms using a Bayesian
optimizer [8]. In this study, the model leverages Markovian
Arrival Processes (MAPs), while the service time is assumed
to follow the exponential distribution.

Recently, some empirical studies of multi-input MLSs use
real datasets to evaluate the system output reliability. The re-
liability of a 3-version image classification model architecture
was investigated in [6]. The impact of data diversification
using image transformations was studied in [7]. The study
presented the Neuron Coverage Improvement Rate (NCIR) to
explore efficient combinations of diversified data that improve
the system’s reliability. However, these empirical studies did
not consider the performance overhead imposed by multiple
predictions and their comparisons.

Energy efficiency is another important performance aspect
of MLSs. In the previous study [9], the latency and energy
consumption of the object detection model are evaluated.
In addition, a method has been proposed to reduce energy
consumption by enhancing the post-processing of data dur-
ing object detection [10]. Another study focused on image

classification tasks and comprehensively analyzed and con-
sidered accuracy, inference time, and energy consumption
[11]. However, these works did not consider the reliability of
MLS outputs, which is associated with MLS architectures. In
this paper, we implement two-input MLSs with the parallel
type and shared type architectures using small computers
and compare their performance empirically by throughput,
response time, and energy consumption to argue their trade-
offs.

III. Two-INPUT MLSs

In this section, we explain two-input MLSs with parallel
and shared type architectures for performance evaluation. Both
types of MLSs use two input data and compare different infer-
ence results from the two data. For example, we perform image
classification on images taken by two different cameras and
compare the results. These two input images are not identical
but similar. Therefore, the inference results are expected to be
the same. If the inference results are not matched, the system
can find that at least one of the results is wrong, and hence, an
incorrect system output can be suppressed. In a real MLS, an
input data stream is generated by a camera or a sensor. In our
experiments, a module that generates the data for inference
is called an Input module. The Input module generates two
versions of input data to introduce the data diversity, which
are called version 1 input and version 2 inputs, respectively.
Although these two versions of input data are not identical,
both data represent the same target. The version 1 and version
2 input are generated independently and sent to modules for
ML predictions. A module that deploys an ML model for
inference on the input data is called a Prediction module. The
Parallel type architecture MLS uses two Prediction modules
in parallel, while the shared type architecture MLS uses one
Prediction module.

As shown in Fig. 1, in the parallel type architecture in
Fig. 1(a), version 1 and version 2 input are sent to different
Prediction modules, whereas in the shared type architecture
in Fig. 1(b), two input data are sent to the same Prediction
module. All the inference results are sent to the Comparison
module that decides the final output of the system. The
Comparison module compares the corresponding inference
results for version 1 and version 2 input. If the results are
matched (i.e., predicted labels are identical), the Comparison
module outputs the results as the final output. Otherwise,
the module discards the results. In the experiment, we use
an image classification task in which an inference result is
considered correct if the result matches the label of the original
image.

The performance of these architectures can be characterized
by some system parameters. Table. I shows the parameters
of two-input MLSs. Assume the job arrival rate of version 1
and version 2 input is 1 and 5 respectively, and the service
rate of the Prediction module for version 1 and version 2
input is 1 and o, respectively. Let  be the service rate
of the Comparison module. Let K be the maximum buffer
size of the Prediction modules. These parameters are also






