1782

IEEE TRANSACTIONS ON RELIABILITY, VOL. 75, 2026

An Adaptive Mini-Batching Strategy for Reliable
Streaming Data Delivery in Real-Time

Han Wu'¥, Member, IEEE, Zhihao Shang

and Katinka Wolter

Abstract—Modern applications show an increasing demand for
continuously processing massive data streams in real time. Mini-
batching technique is commonly used for transporting streaming
data across these applications. However, although a larger mini-
batch size increases throughput, it also raises the end-to-end latency
and easily violate the latency constraint required by real-time
applications. While existing work mostly studies this problem at
the computation stage, this work explores it in the streaming data
transportation stage. We show that selecting a proper mini-batch
size is essential for efficient streaming data delivery. We further
identify the shortcomings of existing latency measurements and
introduce new quality-of-service (QoS) metrics: latency violation
rate, timely throughput, message loss, and duplicate rate. To ad-
dress the challenge of mini-batching under varying network con-
ditions, we first develop prediction models for the proposed QoS
metrics and then adaptively adjust the mini-batch size based on
these predictions. In our experiments, the random forest regressor
achieves an R? of 0.99 for performance metrics, and the multilayer
perceptron achieves mean absolute error below 0.02 for reliability
metrics. Using these predictions, the proposed adaptive strategy
continuously updates the mini-batch size according to the observed
network state. In a Kafka testbed with network packet loss rate
approaching 25%, our strategy improves timely throughput by
up to 30% compared with empirical mini-batch size selection.
The results confirm the effectiveness of the adaptive mini-batching
approach.

Index Terms—Adaptive batching, machine learning, perfor-
mance, quality-of-service (QoS), reliability, streaming data.

NOMENCLATURE

Main Notations
M{my,ma,...} Setof messages in streaming data.
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B{by,bs,...} Set of mini-batches. Each b; contains |b;|
number of messages.

Bij Batching latency of message ¢ in batch j.

L, Batching latency.

L, Transmission latency.

L End-to-end latency.

(L User-defined latency constraint.

My Latency violation rate.

I. INTRODUCTION

RIVEN by the social media phenomenon, the massive

deployment of Internet of Things (IoT) devices and the
expansion of 5G networks, modern Big Data applications are
now evolving from batch-oriented to stream-oriented [1], [2].
In batch-oriented systems (e.g., Hadoop), data is collected
and stored in databases to be periodically processed in large
chunks [3]. In contrast, stream-oriented systems provide insights
from data as soon as it is generated. Common examples include
sensor readings from weather monitoring devices, user activi-
ties collected on websites, and payment requests from mobile
devices. Such data streams form an unbounded and continuously
growing dataset, commonly referred to as streaming data. A key
challenge is, the value of streaming data decays rapidly, which
requires processing in real-time [4], [5].

To handle streaming data with strict timeliness requirements,
many stream processing platforms have been developed in
the past decade [3], [6], [7], [8]. A common feature across
these systems is the usage of mini-batches, also referred to as
microbatches in some studies [9], [10], [11], [12]. Mini-batching
aggregates multiple messages and sends them together, which
reduces request overhead and improves efficiency compared
with transmitting each message individually. However, these
studies mostly examine mini-batching in the computation stage,
whereas the impact on streaming data transportation, which con-
cerns delivering data from its source to the processing servers,
has received far less attention.

In this work, we examine how mini-batching affects data
transportation under varying network conditions, such as high
network latency and packet loss. Increasing the mini-batch size
can improve throughput, but it also causes end to end latency
to rise rapidly [13], [14], [15], which means a portion of mes-
sages no longer arrives within the required timeliness bound.
Therefore selecting an appropriate mini-batch size is essential
for reliable and timely streaming data delivery. Our analysis
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shows that commonly used performance metrics, such as mean
end-to-end latency, fail to capture the waiting time accumulated
while constructing a mini-batch and are thus insufficient for
evaluating transportation behavior. These limitations become
more pronounced when the network connection is unstable,
making such metrics inadequate for optimizing mini-batching
during streaming data transportation.

To address the above challenges, we propose an adaptive
mini-batching strategy. The main idea is to reactively adjust
the size of the mini-batch when the streaming data or network
condition changes. Aiming at building a versatile strategy, we
consider both spatial and temporal batch sizes, which have
not been studied concurrently in other works. In combination
with the concept of service-level objective (SLO), new
quality-of-service (QoS) metrics are proposed to evaluate the
timeliness and reliability of streaming data delivery. Traditional
metrics, such as mean end-to-end latency and raw throughput,
are inadequate for mini batching because they ignore two
fundamental behaviors observed in streaming data transporta-
tion. First, constructing mini-batches introduces significant
variability in message waiting time, and our measurements
show that the latency distribution becomes highly skewed as
the batch size increases; in such cases, a low mean latency can
coincide with a large fraction of messages arriving too late to
be useful. Second, unstable network conditions cause message
loss, retransmissions, and occasional duplication, none of which
are reflected in traditional latency centric metrics. To overcome
these limitations, we introduce four QoS metrics tailored to
streaming data transportation: 1) latency violation rate, which
measures the proportion of messages that exceed the user
defined latency constraint and therefore quantifies timeliness
at distribution level rather than through averages; 2) timely
throughput, which captures the effective throughput contributed
only by messages that meet the latency constraint; 3) message
loss rate, which characterizes the likelihood of message drops
under unstable network connection; 4) duplicate rate, which
captures the effect of repeated message delivery when acknowl-
edgments are delayed or lost. These metrics collectively provide
a more complete representation of timeliness and reliability.

The key to achieving adaptive mini-batching is to predict
the proposed QoS metrics given the relevant mini-batch con-
figurations and network condition parameters. In our work, we
use machine learning-based techniques, random forest regressor
(RFR) and multilayer perceptron (MLP) to construct a prediction
model. Given a mini-batch configuration and network condi-
tions, our model predicts the QoS metrics with high accuracy and
facilitates the study of the impact of mini-batch size. Using these
predictions, we design an adaptive mini-batching strategy that
periodically monitors network status and selects the batch size
that maximizes timely throughput while respecting user-defined
constraints. The strategy selects mini-batch sizes by combining
the predicted QoS metrics with the current network condition.
It evaluates feasible spatial and temporal batch-size configu-
rations using the prediction models and chooses the setting
that maximizes timely throughput while respecting user-defined
latency constraints. The strategy is then evaluated on a Kafka
based streaming testbed, where we integrate a QoS monitor to
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Fig. 1. Pipeline of streaming data transportation.

observe message latency distributions and conduct experiments
under both stable and faulty network conditions. Experimental
results show that the adaptive strategy achieves higher timely
throughput, with improvements of up to 30% compared with
empirical batch size selection methods.

A preliminary version of this article appeared as [16]. In
this significantly extended version, we make the following new
contributions.

1) We extended the streaming testbed by integrating a new
QoS monitor module, which approximates the distribu-
tion of end-to-end latency using kernel density estima-
tion (KDE). The new module thoroughly monitors the
impact of changing the mini-batch size on the latency. It is
expected to be utilized in other performance-monitoring
dashboards.

2) We have replaced the previous performance prediction
approach with a new machine learning-based model. The
previous model based on distribution fitting is clumsy
in comparison. The new model adopts an RFR. It is
lightweight and achieves higher precision.

3) New experiments and analyses are presented with the
extended approach. We validate the effectiveness of our
mini-batching method by demonstrating the experimental
results under different SLOs.

The rest of this article is organized as follows. Section II
highlights the common design principles of mini-batching for
transporting streaming data, as well as the performance and
reliability problems. In Section III we describe the proposed
QoS metrics and input features for prediction. The Kafka testbed
and QoS monitor are introduced in Section I'V. In Section V, we
describe the prediction models. Section VI gives the adaptive
mini-batching strategy and it is experimentally evaluated in
Section VII. Section VIII summarizes related work. Finally,
Section IX concludes this article.

II. BACKGROUND AND PROBLEMS
A. Mini-Batching for Transporting Streaming Data

In general, the pipeline of streaming data transportation fol-
lows the example in Fig. 1. Sources, such as autonomous vehi-
cles, wearable devices, and mobile apps, continuously generate
messages, each capturing the latest event (e.g., a transaction
request, a location update, or a web server access record).
These messages are typically small and arrive at high frequency;
for instance, vehicle location updates are about 300 bytes and
can be produced thousands of times per second in large-scale
systems [17]. A producer process collects these messages and
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TABLE I
COMPARISON OF MESSAGE LOSS RATE AND TIMELY THROUGHPUT

Adaptive Empirical ‘_ _
mini-batching method Bs=1 Bs=10
R; 18.96% 12.63% 71.0% 3.9%
Xp 42.TMB/s 33.0MB/s 5.14MB/s  27.3MB/s

transmits them to downstream computational frameworks. Send-
ing each message individually incurs substantial overhead from
system calls and hardware interruptions. To reduce this cost,
the producer aggregates multiple messages into a mini-batch
and transmits them together. This mini-batching mechanism
greatly improves throughput but increases mean end-to-end
latency [10], [13], where end-to-end latency refers to the time
taken for a message to travel from the source to the computa-
tional framework.

Although the same batching rule is often referred to as a “mi-
cro batch” in studies that focus on the computation stage [13],
[14], [15], [18], we use the term “mini batch” to distinguish our
focus on the transportation stage. In this stage, mini-batching
introduces additional tradeoffs: 1) a larger batch improves
throughput but increases waiting time inside the producer; and
2) under unstable networks, such as mobile devices switching
between base stations, larger batches risk missing timeliness
constraints because their transmission is more sensitive to re-
transmissions and congestion. These tradeoffs motivate our
focus on the performance and reliability challenges that arise
specifically during streaming data transportation.

We observed that the size of the mini-batch has a significant
impact both on the throughput and end-to-end latency [15].
Therefore choosing the proper batch size is the key to achieving
the optimal tradeoff between throughput and latency. Previous
works either define the batch size in terms of the batching
interval [13], [14], [19], or in terms of data volume [10], [20].
In this article, we consider both by introducing two parameters
for controlling the size of the mini-batch, as described below.

Spatial batch size controls the maximum number of mes-
sages that can be buffered in each mini-batch. Some work [10]
controls the maximum volume of mini-batch in bytes, but this
complicates the system model. This is because disparate appli-
cations generate different sizes of messages and the hardware
performance also differs a lot. When a mini-batch size is the
optimal choice in one system, the absolute number in bytes can
not be generalized across other heterogeneous systems. Thus,
for simplicity, we use the maximum number of messages per
mini-batch as the unified spatial batch size parameter.

Temporal batch size limits the maximum time interval to
construct a mini-batch. The starting time is when the first mes-
sage arrives at the mini-batch, and the batching is closed when
its waiting time reaches this upper limit. This mini-batching
parameter is equivalent to the concept of batch interval in other
works [13].

In practice, the mini-batch is closed when either condition is
met. Algorithm 1 provides a formal description of this process.
To the best of the authors’ knowledge, no existing work jointly
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Fig.2. End-to-end latency histogram with spatial batch Size = 6 and temporal
batch size = 1000. Although the mean latency satisfies the constraint, a large
fraction of messages violate it.

considers both spatial and temporal batching mechanisms, and
Table II summarizes the absence of a joint investigation.

B. Performance and Reliability Problems

The goal of this work is to efficiently and reliably transport
streaming data in real time by adaptively selecting the
mini-batch size. A first challenge lies in modeling the combined
spatial-temporal batching mechanism. Queueing theory is not
applicable because it assumes service times are independent of
batch size [21], which contradicts our observations. Existing
analytical models consider only one batching parameter [10],
[13], [14], [19], and therefore cannot fully capture batching
behavior. Additional challenges arise from the diversity of
streaming workloads and the variability of network conditions.

Because streaming data originates from heterogeneous
sources, real-time requirements differ significantly across ap-
plications. Fraud detection may require message latencies of
a few hundred milliseconds, whereas weather monitoring can
tolerate delays of several seconds. Developers therefore spec-
ify application-level SLOs [22], such as minimum throughput
and a maximum acceptable latency. Performance metrics (e.g.,
producer throughput and end-to-end latency) must reflect these
SLOs.

However, prior work typically evaluates only the mean end-to-
end latency [10], [13], [23], which is unreliable when batching
is used. As the batch size increases, latency variance grows
rapidly. Fig. 2 illustrates this problem: although the mean latency
(421.11 ms)is below the 500 ms SLO, 39.7% of messages exceed
the constraint. Relying solely on the mean therefore obscures the
prevalence of stale messages.

A further challenge is the complexity of network environ-
ments in which streaming data are transported. Mobile and
IoT devices often transmit data over wireless links, resulting in
unstable connections [24], [25]. High packet loss rates directly
lead to message loss [26]. Although modern stream processing
systems provide exactly-once semantics for server-side reliabil-
ity [3], [6], [8], their robustness to network failures remains
less understood. Our experiments show that mini-batch size
strongly influences the probability of successful delivery, mak-
ing batch-size selection crucial for reliability under adverse
network conditions.
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TABLE II
COMPARISON WITH OTHER ADAPTIVE MINI-BATCHING STRATEGIES FOR STREAMING DATA PROCESSING

Unstable network connection

Spatial Temporal ~ Comprehensive  Poor network Fault Focus on
Methods | Focus
batch size  batch size  latency metric study injection  message delivery
Remark: “p” and ’r” denote performance and reliability respectively.
Das et al. [13] (2014) | p& X v X X X X
Zhang et al. [19] (2016) | p & r X v X X X X
Cheng et al. [14] (2018) p X v X X X X
Mai et al. [45] (2018) p v X X X X X
Stein et al. [10] (2020) p v X X X X 4
Abdelhamid et al. [11] (2020) | p &t X v X X X X
Garcia et al. [12] (2022) p v v X X X X
Garcia et al. [55] (2023) p v X X X X X
Deepthi et al. [18] (2024) p X v X 4 X v
Leonarczyk et al. [56] (2025) p X v X X X X
Our approach | p & r v v v v v v
Trigger Event: Algorithm 1: Mini-Batch Formation.
t = Br || #messages = Bs N -
Delivered 1 while messages arrive do
Ty 2 receive next message m; and append it to b;;
@ 3 if |bj| = Bs or max{f3;;} = By then
Generated  Producing Duplicated 4 .close b; anq sen.d it for transmission;
v 5 increment j <— j + 1 and create new batch b;;
i 6 end
Trigger Event: Staled 7 end

Fig. 3. Message state transition during streaming data transportation.

III. PROBLEM FORMULATION
A. Message State Machine Model

For a better understanding of the problems, we use the state
machine model depicted in Fig. 3 to describe all possible cases
while delivering a message. Let M {my,mo, ...} be the set of
messages in the incoming streaming data, and B{by,bo, ...}
denote the set of mini-batches that hold these messages. Once
a message m; is generated by the upstream applications, it is
ingested by the producer and arrives in the producing state. In
practice, the producer actively pulls messages from upstream
applications, and the ingesting rate has its upper limit due to
hardware limitations (e.g., network I/O or memory). When the
producer reaches the maximum ingestion rate, we call it fully
loaded, meaning that it ingests the next message as soon as the
previous one has been processed. We note that this assumption
does not cover all real-world workloads, since some applica-
tions exhibit bursty or low-frequency arrivals. Our goal here
is narrower: to study mini-batching under sustained demand,
where batching has the clearest impact on throughput, latency,
and reliability. This regime is widely used for performance
evaluation of stream processing systems because it removes
source idleness as a confounding factor and reveals the sys-
tem’s effective processing capacity. It is also representative of
many high-volume streaming applications, such as telemetry,

monitoring, and online fraud detection, where platforms process
continuous event streams at large scale.

We use the set L, = {f3;;} to represent the time these mes-
sages M stay in the producer for batching, namely batching
latency. In practice, the producer normally ingests each message
via a local network, or runs it as an integrated module of
the application. Thus the ingestion latency can be neglected
compared to the batching latency. 3;; is the batching latency
of message m,; meanwhile it is in batch b;.

We use Bg and Brp to denote the spatial batch size and
temporal batch size, respectively. A batch b; is closed when
either its number of messages reaches Bg or the waiting time
of the oldest message reaches Bp. The batching process is
summarised in Algorithm 1, which formalises how messages
are grouped under these two constraints. After a batch is closed,
messages enter the transmission stage with latency L,., and may
eventually fall into one of the four possible final states shown in
Fig. 3, depending on network conditions and delivery semantics.

When the network condition is normal without any conges-
tion or packet loss, message m; enters the delivered state (see
transition I) as it is received by the downstream application in the
computational framework. In our work, we define the message’s
end-to-end latency L;; as the time it takes to transit from the
generated to the delivered state. Thus, the end-to-end latency L
of all messages M is denoted by

L=1L,+L,. (1)
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Based on the introduction in Section II-B, a message m; is
considered stale (see transition IV) if L > (r, where (. is the
user-defined latency constraint. Other messages that end in the
delivered state are those bringing timely content to downstream
applications.

In case of poor network conditions, we observe some
messages are lost during transmission. While some stream
processing systems have implemented exactly-once delivery
semantics [3], [6], these typically necessitate additional coor-
dinators for managing transactions, leading to significant time
and resource consumption. We can characterize “exactly-once”
semantics as fundamentally an idempotent mechanism on the
client side, enhancing the “at-least-once” delivery framework.
Given that our focus is on the producer side, an in-depth explo-
ration of “exactly-once” semantics falls outside the purview of
this article. Consequently, we concentrate on two other prevalent
semantic models in our study. Under at-most-once semantics,
each message is sent only once and the producer does not need
any response from downstream applications. In this case, when
the producer fails to deliver a message, the message ends in a
lost state (see transition II). When at-least-once semantics is
enabled the producer retries to send the lost message until it
receives a response from the downstream applications (transition
[I—II—I). It is worth mentioning that this does not guarantee
every lost message to be delivered due to the limitations of retry
times and the timeout mechanism. Furthermore, it is possible
that the producer successfully resends the lost message but
fails to receive a response. In this case, the message may be
duplicated due to multiple retries (transition I—IIT—I—V).

B. Proposed QoS Metrics

We propose new QoS metrics to provide comprehensive in-
sights into the performance and reliability of streaming data
transportation. These QoS metrics are the optimization targets
in our batching strategy, and can also be adopted in the QoS
monitoring modules (e.g., dashboard) in stream processing sys-
tems.

For the evaluation of message timeliness, we introduce a new
performance metric latency violation rate 7, to represent the
proportion of messages that are stale. Assuming that a total of
Ny messages are transported within a certain time, and the end-
to-end latency of N, messages exceeds the latency constraint
Cr,- Then, the latency violation rate under this constraint is

1y = Ny/No. )

Other messages that are delivered within (7, are considered
timely messages. We use x p to represent the producer’s output
throughput, which can be measured in bytes or the number of
messages per second. The performance metric timely throughput
is proposed in this work to evaluate the throughput of timely
messages, obtained from the equation below

Xp = (1—m)xp. A3)

We present two reliability QoS metrics with regard to stream-
ing data transportation under unstable network conditions. Let

IEEE TRANSACTIONS ON RELIABILITY, VOL. 75, 2026

N; and Ny denote the total number of lost messages and du-
plicated messages. We study the impact of network failure by
measuring message loss rate and message duplicate rate

m = Ni/No;na = Na/No. “4)

As we discussed in Section II-B, the performance metrics
measured in other mini-batching strategies [10], [13], [14], [19],
including the average latency and raw throughput, are unable to
reflect the real status of streaming data delivery. Therefore the
suggested batch sizes in those strategies are unreliable under
some circumstances. In contrast, our proposed QoS metrics
provide a more systematic view of whether the applied batch
size meets the real-time SLOs. Consequently, our proposed
mini-batching strategy by measuring those QoS metrics turns
out to be more reliable, which is demonstrated in Section VII.

C. Feature Selection

We address the challenges of choosing the appropriate batch
size by predicting the proposed QoS metrics. Based on the anal-
ysis of the end-to-end latency L components in Section III-A,
we screened out the key features strongly correlated to L. To
achieve considerable precision and more intuitive understand-
ing, we build two machine learning-based models to estimate
the performance metrics and reliability metrics, respectively.

In addition to the spatial and temporal batch size parameters
Bg and Br the input features of the performance prediction
model also include the SLO (7, and network condition. We use
£, (dy, 11 to denote the network condition between the producer
and downstream applications. d, represents the round-trip net-
work delay and [, is the packet loss rate. The predictive model
is denoted as follows:

77117X/P :f(5*7BS7BT7<L)' (5)

Similarly, the input features of the reliability prediction model
include the network condition feature, as lost and duplicated
messages are induced by unstable network conditions. More-
over, from our observation, configuring the delivery semantics
and mini-batch size parameters can significantly affect the mes-
sage loss and duplicate rate. We use the equation below to denote
the reliability prediction model

Ny Nd = f(5*7 BS7 BT7aCkS) (6)

where acks = 0 represents that at-most-once delivery semantics
is enabled while acks = 1 stands for at-least-once.

IV. Q0S METRIC MONITORING

In order to build the machine learning-based prediction mod-
els and validate their accuracy, we create a testbed using the
popular open-source streaming platform Apache Kafka. The
testbed is used for the training dataset collection, the analysis
of QoS metrics and validation of the prediction models. In Sec-
tion VI, we also implement the proposed mini-batching strategy
on the testbed and evaluate the effectiveness of our approach in
Section VI
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Fig. 4. Architecture of the Docker container based Kafka testbed.

A. Testbed Design

Unlike stream processing frameworks, such as Samza, Storm,
and Flink, which focus on computation, Apache Kafka [27]
is designed for transporting streaming data. Kafka is widely
used as the messaging backbone for other stream processing
systems [28], [29], and its central role in linking upstream and
downstream applications makes it an appropriate platform for
this study.

We build our testbed with Docker, a lightweight virtualization
technology [30]. As shown in Fig. 4, the testbed contains four
components: a Kafka system deployed in containers, a message
generator, a network emulator and a QoS monitor. Kafka follows
the publish and subscribe model with producers, topics, brokers
and consumers. The message generator produces continuous
streams of data that the producer groups into mini batches and
sends to topics. Consumers subscribe to topics and read mini
batches from the brokers. The Kafka cluster consists of several
brokers that receive mini batches, store them in ordered write
ahead logs and replicate data for fault tolerance.

Message generator: It specifies message metadata, such as
format and size. Each message carries an incremental key for
tracing and embedded timestamps for computing end to end
latency.

Network emulator: Using the Linux Traffic Control tool, we
emulate diverse network conditions following [31]. For each
test, the emulator configures and records the network character-
istics between producer and cluster €,(d,, [,,), among brokers
e (dg, 1) and between cluster and consumer £.(d., l.).

QoS monitor: It computes message latency using recorded
timestamps. Further details and results are presented in later
sections.

The advantages of our testbed are as follows: 1) Each
Apache Kafka broker, producer, or consumer is instantiated as
a Docker container embedding all required dependencies and
code. Containerisation ensures consistent configuration and pro-
vides a lightweight, standalone, reproducible execution environ-
ment [30], [32], [33]. 2) Using Docker Compose, a Kafka cluster
with a configurable number of brokers can be created or shut
down quickly. To eliminate legacy impacts from prior runs, we
destroy existing containers along with their associated volumes
that store broker logs, topic data, and caches, and then deploy a
freshly constructed Kafka cluster before each individual test. We
allow a warm-up period of 60 s after cluster start-up to ensure
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that internal state transitions, leader election, topic partition
assignments and caches stabilize before measurement begins,
and we perform three independent runs, averaging the results
to reduce run-to-run variability. 3) All containers operate on the
same host machine, and because Linux containers share the host
kernel’s clock (time is not namespaced in standard container
setups), clock-skew between containers is effectively negligible
for millisecond-level latency measurements. To validate this as-
sumption we measured the maximum intercontainer timestamp
difference under test conditions and found it below 0.5 ms.

The resources for reproducing the testbed configuration are
available in our public GitHub repository [34]. The repository
provides the Docker Compose specifications needed to instanti-
ate the Kafka cluster used in our experiments. The Compose file
references the Kafka broker image hosted on DockerHub [35],
so users do not need to build images locally. After starting
the cluster using the provided Compose configuration, the con-
tainers already include the Python scripts required to run the
performance and reliability tests.

B. New QoS Monitor

Although Kafka provides latency monitoring via Java Man-
agement Extensions (JMX), we choose to build our own QoS
monitor. The reason is that Kafka only exposes internal conclu-
sive metrics for enterprise-level monitoring. For instance, the
latency metric is measured as an average over the past 1 or 5 min.
The 75th and 99th percentiles of the latency are also available,
but the latency violations of any user-defined {;, remain unclear.
As shown in Fig. 4, Our QoS monitor collects the metadata in
the messages received by the consumer. Three timestamps are
recorded in these metadata: 1) when the message is generated,
2) when it finishes batching, and 3) when it is received by
the consumer. Thus, the QoS monitor calculates the end-to-end
latency L and its two parts, the batching latency L, and the
transmission latency L., as described in (1). In our testbed,
L, denotes the time that messages spend in the producer for
mini-batches to be sent. L, consists of the network delays d,
and d., and the time the messages stay on broker disks.

The results illustrated in Fig. 5 are obtained under stable
network conditions where the network delays d,, dy, and d.
are less than 100 ms. The curves represent the mean values of
batching latency L, transmission latency L, and their sum,
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end-to-end latency L under different spatial batch sizes. The
vertical bars stand for the standard deviations of the latency.
The transmission latency hardly changes when the size of the
mini-batch increases because messages in the same mini-batch
are transmitted as a whole. Based on our assumption in Sec-
tion III-A, this streaming data pipeline works in a stable state
and mini-batches are fetched by the consumer as soon as they
are written to the brokers. Therefore, the transmission time can
be estimated by summing the network delay

Ly = (dy +de) /2 + dy )

where d, and d, are the round-trip delays, and we approximate
the one-way delay as half of the round-trip time. The term
dy, represents the delay among Katka brokers, which becomes
relevant when synchronous replication is enabled.

In this work, we aim to study the characteristics of batching
latency L, as it dominates the end-to-end latency L. Regarding
the transmission latency L., it plays a comparatively smaller
role in the end-to-end delay, and in our adaptive mini-batching
strategy it can be obtained directly from lightweight network
probing. Such probing is commonly implemented using periodic
round-trip measurements (for example, sending small probe
packets to observe current network delay). These probes incur
negligible overhead because they are infrequent and operate
independently of the streaming data path, allowing us to in-
corporate network-delay information without affecting message
processing. As we observe from the results in Fig 5, L,, increases
rapidly as the spatial batch size Bg rises from one to six. The
standard deviation of L,, also grows but tends to be steady after
Bg reaches seven, and so does Ep. For a better understanding of
this regular pattern, we regard the batching latency L, = {/3;;}
as a stochastic process. As introduced in Section III-A, the
random variable /3;; is the batching latency of message m; in
batch b;.

Our QoS monitor estimates the probability density function
(PDF) of 3;; using KDE [36]

A 1 - ﬁ_ﬁi*
f@=m;K(h>

where K is the kernel function, h denotes the bandwidth, and
n represents the total number of samples. In our testbed, we
set n = 10000 and the samples are extracted from the last n
messages received by the consumer. The bandwidth h = 0.215
is computed based on Scott’s Rule [36]. We use Scott’s Rule for
bandwidth selection because it provides a theoretically grounded
tradeoff between bias and variance in KDE and thereby min-
imises manual tuning of the parameter [36], [37]. While the
choice of n and h does affect the accuracy and responsiveness
of the estimate (e.g., too small n increases variance; too large
h oversmooths the distribution) prior work shows that rule-of-
thumb selectors like Scott’s produce near-optimal performance
under a wide range of conditions. Because we run the monitor at
modest sampling rates and all timestamp collection executes off
the critical data path, the overhead of monitoring is minimal and
does not degrade system performance. For K we select the Gaus-
sian kernel function. The QoS monitor reports the estimated PDF

®)
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once per measurement interval (e.g., once per 10 s). Through the
report, we can observe the estimated distribution of 3;; as well
as its fluctuation range and trend in real-time. We argue this QoS
monitor module can be integrated into the real-time performance
monitoring dashboard of the Kafka system.

Through the analysis of the results in our QoS monitor, a
strong correlation is observed between Bg, B and the shape of
the batching latency distribution, including uniformity, tendency
to skew and tail. In Fig. 6 we present several estimated PDF
results obtained from a series of independent tests. All tests are
performed under a stable network connection and the size of
the mini-batch within each test is configured with fixed Bg and
Br. Here are some insights: 1) It is worthwhile to mention that
when By is configured as one, it indicates no batching is applied
as every mini-batch contains only one message. In this case,
we find that 3;; is nearly Gaussian distributed within a narrow
range. 2) As we start using mini-batches by increasing Bg, the
distribution of 3;; becomes positively skewed and shows a tail
on its right. This indicates that the time that a message needs to
wait for the mini-batch to be closed is random. 3) The length of
the tail is bounded by Bt as we observe from Fig. 6. Given any
fixed By, configuring higher Bg leads to a heavier tail, or in
other words, more messages are delivered with high end-to-end
latency. (iv) Another obvious fact is that after reaching a certain
value, increasing Bg has no effect on the PDF of (3;;. The reason
is that the mini-batch is unable to accumulate more messages due
to the time limitation of Br.

In addition, we clarify that the QoS Monitor is used solely as
an auxiliary tool for observing system behavior. During each test,
an independent process records the three timestamps associated
with every message and buffers them in memory. These records
are written to a log file only after the test finishes, so the runtime
overhead is limited to the memory used to store the timestamp
entries. In all experiments, this footprint remains below 10 MB
per test, which is negligible compared with the system capacity.
Therefore, the QoS Monitor does not interfere with message
processing latency. Finally, the monitor is required only for col-
lecting training data. In practical deployment it can be disabled
entirely, as the proposed mini-adaptive batching strategy does
not use monitored QoS metrics as input.

V. QO0S METRIC PREDICTION
A. Training Data Collection

Our QoS prediction model is built upon machine learning
techniques, therefore the collection of training data is a crucial
step. The training dataset consists of the features selected In
Section III-C and the QoS metrics introduced in Section III-B.
Fig. 7 depicts the training data collection process using our
testbed.

Before each individual test, a new Kafka system is built, thus
avoiding the legacy impacts from the previous test. In each test
the Kafka configuration parameters Bg, Br, and acks are fixed,
as well as the network environment parameters ¢,. Then, the
producer ingests a certain number of messages (e.g., 10 000)
from the message generator and publishes them to a new topic
in Kafka. Finally, those messages are received by the consumer
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and the QoS monitor collects all the metadata and computes
the required QoS metrics according to (2)—(4). The number of
lost messages NV; and duplicated messages [V is counted using
the unique keys assigned to the messages. Another essential
feature, the latency constraint (z, is a user-defined SLO with
uncertain value. To obtain sufficient training data, first, we sort
the collected end-to-end latency data in descending order. We use
01,05, ..., 0, todenote the set of sorted end-to-end latency, and
take every 6; as the given latency constraint. Then, the latency
violation rate under this constraint can be counted according to
the position of 6;

Nl =0;) = (i—1)/(m —1). )

Thus in each test, we can obtain m rows of training data for
predicting 7,. After recording the features and corresponding
QoS metrics to the training dataset, we finish the test by killing
all the existing Docker containers in the testbed. The features
are configured with new values in the next test.

B. Performance Prediction

We use an ensemble learning method known as RFR to build
the performance prediction model. RFR consists of multiple de-
cision trees, while each tree plays the role of nonlinear mapping
from complex input spaces into continuous output spaces. We
use RFR for predicting the latency violation rate 7, as it is not
computationally expensive and can avoid overfitting. Our RFR
model is based on 100 decision trees with a maximum depth
of 20. To generate sufficient training data, we perform tests
configured with the spatial batch size Bg ranging from 1 to

25 and the temporal batch size By between 100 and 1000 ms.
In our work, over three million samples are fed to the RFR
model. 60% of the samples are used for training, 20% for the
model validation and the other 20% are used for validation. The
prediction model achieves a high precision with the coefficient
of determination R? = 0.99.

In Fig. 8, we present several prediction results to demonstrate
the correlation between mini-batch configuration parameters
and the latency violation rate 7,. Each figure depicts the pre-
dicted 7, given any user-defined latency constraint (7. The
curves are grouped by the configured Bg while the figures are
grouped by different Br. For the developers of downstream
applications, defining a latency constraint (;, higher than 200 ms
is more reasonable as we can observe an extremely high latency
violation rate (nearly 1.0) with (7, below 200 ms. Apparently,
given the same user-defined (r,, configuring a larger mini-batch
sees a higher latency violation rate. For instance, assuming the la-
tency constraint for a certain application is {7, = 200 ms, choos-
ing the spatial batch size Bg = 4 and the temporal batch size
Br = 200 ms gains the latency violation rate at 1, = 0.0202,
while increasing Bg to 10 leads to 7, = 0.2378, which is over
10 times higher. In the case with Br configured to 400 ms,
increasing Bg from 4 to 10 results in 7, burst from 0.1038 to
0.5702, which indicates that over half of the delivered messages
are stale.

For the prediction of timely throughput x'5, we use the pre-
diction model proposed in our previous work [15] to predict the
producer’s output throughput x p, which also reaches coefficient
of determination R? = 0.99. Thus, we combine the predicted
1, with this output throughput to produce the timely throughput
according to (3).

C. Reliability Prediction

For the prediction of the reliability QoS metrics, we construct
the model using MLP due to the complex dimension of features.
To reproduce the failure scenarios in streaming data delivery,
we inject faults to the network condition €,(d), {,,) introduced
in Fig. 4. Both message loss and duplication are observed under
the unstable network connection. In each test, we send one
million messages under poor network conditions, and count the
number of received messages using the unique key introduced
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in Section IV-A. Thus, the QoS metric message loss rate 77; and
duplicate rate 4 can be calculated according to (4). By observing
the results, we choose to ignore message duplication as its impact
is minor. As a matter of fact, the message duplicate rate 74 is
generally below 0.5% due to the harsh preconditions introduced
in Section III-A. Moreover, most downstream applications have
an idempotence mechanism to automatically deduplicate mes-
sages (e.g., using event identifiers (IDs)). From the experimental
results, we observe that injecting a high packet loss rate /,, leads
to a high message loss rate 7;, and the value of 7; is impacted
by Bgs under different semantics.

The features for the prediction model are listed in (6). Since
the input and output experiment data are strongly correlated, we
can use a fairly standard MLP model to achieve considerable
prediction accuracy. We apply the stochastic gradient descent
optimizer in the MLP model, and build four hidden layers with
200,200, 200 and 64 neurons, respectively. We set the learning
rate to 0.5 and the number of epochs to 1000. The mean absolute
error, defined as the average absolute difference between the
predicted values and the corresponding ground-truth measure-
ments, is below 0.02. This is accurate enough to help us compare
the impact of different batch sizes Bg, as illustrated in Fig. 9.

The horizontal axis is the network packet loss rate ranging
from 5% to 35%. The curves in the acks = 0 group represent
the predicted message loss rate 7; under at-most-once seman-
tics while those in the acks = 1 group are configured with

at-least-once. Within the group, each curve denotes the results
obtained with fixed spatial batch size Bg. We can observe
that as Bg increases, the predicted curve moves from left to
right. The results also indicate that Kafka tolerates a packet loss
rate [, < 8% due to the TCP retransmission mechanism. The
retransmissions on the network interface of the docker container
can be observed by Wireshark, an open-source packet analysis
tool. With a higher packet loss rate, lost messages emerge due
to the timeout of retransmission. It is worth noting that when
mini-batching is not applied (Bg = 1), transporting streaming
data under at-least-once delivery semantics tends to lose more
messages than at-most-once. We speculate the reason for this
counter-intuitive result is that under at-least-once delivery with-
out mini-batching, the producer requires an acknowledgment for
each message, which will preempt the network bandwidth with
more TCP retransmissions.

The prediction model is more meaningful for the unstable
network cases with 10% <, < 25% because changing the
spatial batch size Bg could have a significant impact on the
message loss rate. For instance, when [, = 15%, increasing Bg
from 1 to 3 under at-least-once delivery reduces the loss rate
1, from over 80% to less than 5%. For applications that do not
consider throughput or latency and prioritize the completeness
of streaming data (e.g., trading report system that runs daily),
we suggest transporting the streaming data with a mini-batch
size of 10 and at-least-once delivery semantics, if the network
packet loss rate fluctuates below 25%. With a higher packet loss
rate, at-most-once performs better but the effect is minor at such
a high message loss rate (over 0.5).

Using the prediction model of 7;, we are able to formulate the
concept of timely throughput when encountering poor network
conditions, which is an extension of (3)

xXp = (1—=n)(1—m)xp. (10)

VI. ADAPTIVE MINI-BATCH SIZING

The proposed QoS prediction model forms the basis of our
adaptive mini-batching strategy, whose goal is to maximize the
timely throughput M az{x/s } under current network conditions.
The strategy assumes that the producer 1) ingests data con-
tinuously while monitoring the network condition €, once per
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Fig. 10. Effective range of Bg and Bt to determine the actual number of
messages per batch Ny,.

second, 2) knows the available network bandwidth quota H, and
3) is given the SLO latency constraint (y,.

Mini batch configuration requires adjusting the spatial batch
size Bg and the temporal batch size Bp. As discussed in Sec-
tion IV-B, when By is fixed, the actual number of messages
per batch N, stops increasing once Bg exceeds a certain value.
Fig. 10 illustrates this behavior. When either Bg or Br is too
small, the other parameter has no practical effect on N,; for
example, when Bg = 1, varying Br does not change V. To
enable adaptive sizing, both parameters must operate in their
effective range.

Based on our earlier findings in [15], the producer throughput
xp increases with [N} but must remain below the bandwidth
quota H. Therefore, we first select By such that, even in cases
where By is ineffective, B alone keeps x p within H. Using the
prediction models in (5) and (6), the producer then estimates the
timely throughput X’ under the current conditions. By iterating
Bg within its effective range (for example, 1 to 20), we obtain a
set of predicted values of x’» and choose the By that yields the
maximum. This process is executed every ten seconds, following
the approach in [38], and the updated configuration is applied to
the producer. The adpative mini-batching process is illustrated
in Algorithm 2.

In this article, we argue that our prediction model can be
applied in other stream processing systems because the batching
mechanisms are identical: whether batch size in terms of time
or volume. We demonstrate this point of view with a detailed
investigation in Section VIII. Moreover, these popular stream
processing systems often directly adopt Kafka as their messag-
ing systems [6], [39], which is also conducive to the versatility
of our approach.

VII. EXPERIMENTAL EVALUATION

We run the testbed on a computer with an Intel Core i7-8700
CPU (12 cores), 32 GB RAM and 2 TB HDD. We build the
Kafka cluster from version 2.3.0, using the Docker version
19.03.6, running on Ubuntu 18.04.4 LTS. In order to evaluate the
mini-batching strategy proposed in Section VI we assume the
following experimental scenario. Connected cars are vehicles
connected to wireless networks, and have become significantly
important in the foreseeable IoT area [40]. The services of
connected cars include traffic safety and cost efficiency and
the demand for real-time processing is increasing [41]. In this
experiment, we use the Kafka producer to publish the vehicle
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Algorithm 2: Adaptive Mini-Batching.

Input: Network environment metrics, &,;
Configuration parameters, acks, Bg, Br;
User-defined SLO (.

Output: New configuration parameters, acks’, By, By

1 Bg =25, B =0 //initial value;

2 while predicted xp < H do

3 Br+ = 100;

predict x p;

end

use current B

while rrue do

monitor current £, and obtain current SLO (r;
predict 1, and x’» using Egs. (5),(3),(10);
10 take x’» as current timely throughput;

u | for Bg €{1,2,3,..,25}, acks € {0,1} do

=TI B Y I N

12 if predicted x'p >current X', then

13 update current x'» = predicted x'p;
14 record current By, acks’;

15 end

16 end

17 end

18 Update mini-batching configuration acks’, By, B/
19 Wait 10 seconds;

sensor data in Berlin, which is derived from the public website
of the car-sharing business [17]. Each message is generated
in real-time and contains the current location of the car. The
average size of the message is around 350 bytes. We run a stream
processor on the consumer side, which receives the streaming
data, and calculates the geographical distance between the car
and a specific charging or gas station. We conduct the experiment
in both good and poor network conditions. The network delay
follows a Pareto distribution to emulate real-world network
status [42]. In the experiments with fault injection, we generate
the network packet loss rate from the Gilbert—Elliot model,
which is a two-state Markov model that has been widely applied
to analyze measurements on wireless networks [43].

A. Latency and Throughput Tradeoff

We show the advantage of the proposed mini-batching strat-
egy by comparing it with the approaches in other works. The
methods to achieve the desired tradeoffs between latency and
throughput in these works are similar: batching as much as possi-
ble as long as the latency constraint is guaranteed. By observing
the experimental results of the vehicle sensor data processing
in Fig. 11(a), we know that both the mean end-to-end latency
Ly and the producer throughput yp rise as the mini-batch
size increases. Therefore the empirical way to choose the best
mini-batch size is that given the latency constraint (z,, choosing
the largest mini-batch within the constraint can maximize the
throughput [38].

To better elaborate this empirical idea, we plot the Pareto front
of throughput and latency, as shown in Fig. 11(b). The horizontal
axis denotes the mean end-to-end latency and the vertical axis
is the reciprocal of producer throughput (1/x p). Therefore on
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both axes, lower values are preferred to the higher ones. Each
point represents the feasible choice of the mini-batch size, where
the annotated numeral denotes the number of messages per
mini-batch. In the case of processing the vehicle sensor data, we
assume the user-defined latency constraint to be (5, = 500 ms.
Then, following the empirical tradeoff in other works, the best
configuration is suggested as seven messages per mini-batch.

However, the above choice for mini-batching is not reliable
as it measures only the mean end-to-end latency. We discuss
the defects in Section II-B and here we present the choice
using our QoS metrics and mini-batching strategy. We assume
that in this vehicle sensor data processing case, the maximum
available network bandwidth is H = 100 MB/s. According to
the adaptive mini-batch sizing algorithm in Section VI, we first
fix the temporal batch size at By = 1000 ms, which allows
the producer throughput to saturate the network bandwidth.
Then, the best spatial batch size Bg is selected based on the
maximum timely throughput. Our mini-batching strategy is able
to adapt the mini-batch size as the SLO necessitates. In Fig. 12,
we illustrate the effect of different spatial batch sizes on the
latency violation rate and the timely throughput, given various
user-defined latency constraints.

It is observed that when the latency constraint of the down-
stream application is defined as (;, = 500 ms, our adaptive
mini-batching strategy configures the spatial batch size Bg = 4,
which gains the maximum timely throughput at x» = 50.4
MB/s. Compared to the best configuration of seven messages
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per mini-batch suggested by the empirical methods, our strategy
chooses a smaller mini-batch size. The advantage is depicted
intuitively in Fig. 12. The observed timely throughputof Bg = 7
is 40.9 MB/s, which is over 18% lower than the results using our
approach. Back to the definition of timely throughput in Sec-
tion III-B, our mini-batch configuration leads to more messages
delivered within the user-defined latency constraint.

The results indicate that although a larger mini-batch size
can achieve higher producer throughput, it may also result in
more messages not meeting the SLO. This is because the latency
violation rate also rises rapidly as more messages wait longer
to finish the mini-batch, which is observed from the dashed
curves Fig. 12. We expect the proposed QoS metrics to remind
developers when the system is taking up resources to deliver
a large proportion of stale messages. It is worth noting that
when the SLO is not strict, e.g. (;, = 700 ms, our approach
selects higher mini-batch size Bg = 9, as depicted in the far
right of Fig. 12. This is close to the results of empirical methods
(Bs = 10). We argue that our adaptive mini-batching strategy
is more significant for time-sensitive applications.

In this experiment, our mini-batching algorithm consumes
7.9 MB of memory and the computational overhead is between
160 and 180 ms. The costs are acceptable considering the fact
that the algorithm runs once per 10 s.

B. Message Success Rate

In this experiment with network fault injection, we assume
that network status is known as depicted in Fig. 13. According
to the mini-batching algorithm proposed in Section VI, the
producer checks the network metrics e,,(d,,, [,,) every 10 s and
reconfigures the mini-batch size when necessary. This is because
changing configuration parameters too frequently will cause ad-
ditional coordination overhead due to shuffling communication
among producers and brokers [44].

The overall timely throughput is measured over the entire ex-
periment process. Since the network features in this experiment
are all some functions of the elapsed time ¢, we use 7;(t) to
denote the reliability QoS metric in this experiment. Given the
ingestion rate of source data A(t), which also changes with ¢, we
obtain the total number of messages published from the producer
as [ A(t)dt. Therefore the overall message loss rate R; in this
experiment is defined as follows:

R JAt)m(t)dt
T aydt

The overall message loss rate and timely throughput in this
experiment are illustrated in Table I. Since a set of messages
is accumulated and processed as a batch, it is not feasible to
evaluate the throughput continuously [45]. We compare the
results obtained via our adaptive mini-batching strategy with
those using Pareto front-based empirical methods. We also pro-
vide two groups of experiment results using static mini-batching
methods, where the spatial batch sizes are fixed to Bg = 1 and
Bgs = 10 throughout the entire experiment. We observe that our
adaptive mini-batching strategy outperforms others in terms of
timely throughput x’». However, the observed overall message

Y
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loss rate is higher than the empirical method. This indicates that
more messages are successfully delivered with the empirical
method but a larger proportion of them are stale messages.

It is important to note that these characteristics are specific to
the Kafka testbed and the workload we use. Docker containers
offer lower latency costs and lower variability than hardware
virtualization [46]. Therefore the absolute number of those
metrics is best ignored when other researchers try to apply our
method to other streaming systems.

C. Discussions

1) Real-World Applicability: Our experiments utilize a dis-
tributed messaging system constructed with Docker containers,
diverging from prior studies that often employed virtual ma-
chines (VMs) for building distributed stream processing sys-
tems [14], [45]. The container-based and VM-based systems are
basically alike except for some key differences: 1) Containers
are more lightweight since multiple Kafka nodes share a single
operating system kernel, while VMs require one kernel for each
node. 2) Because of the strong isolation among different nodes,
a VM-based system is more secure when one of the nodes is
under attack. However, such security risk is beyond the scope
of this article. 3) It is easier to migrate the container-based
Kafka testbed across various experiment environments since
all dependencies are packaged into one Docker image. This

[52]. While generalization is a common challenge in this area, it
can be effectively managed by generating extensive training data
through benchmark testing, leading to significant performance
benefits. Second, our model, trained in a specific and controlled
environment, still holds valuable insights (e.g., the correlation
between network status and message loss rate) for similar appli-
cations utilizing Apache Kafka. With the application of Transfer
Learning [53], [54], these pretrained models can be adapted for
related but new tasks. The transfer learning cost is expected to be
substantially lower than full retraining because typically only a
small subset of parameters is fine-tuned using a modest amount
of new data (e.g., thousands of new instances). In practice, prior
studies show that this can reduce training time by one to two
orders of magnitude.

2) Comparison With Other Studies: Table Il provides a qual-
itative comparison between our method and existing work. The
column on the purpose of mini batching indicates whether each
study is driven by performance or reliability aspects. We also
distinguish spatial and temporal batching approaches and review
how each work evaluates reliability, including end to end latency,
poor network conditions, and the use of fault injection. The
final column shows whether the method focuses on the message
delivery stage, that is, the transfer of data from the source to the
computational framework.

Most existing studies, such as [11], [12],[13], [14], [19], [45],
and [56], examine mini batching after data has reached the
computational framework. Their evaluations are conducted in
controlled settings and center on processing behavior. Our work
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TABLE III
MINI-BATCHING PARAMETERS IN STREAM PROCESSING SYSTEMS

Streaming Relevant Parameters for Mini-Batching
Systems Spatial Batch Size Temporal Batch Size
Flink table.exec.mini-batch.size table.cxec.mini-batch.allow-
latency
Flume maxBatchSize maxBatchDurationMillis
Heron heron.instance.network.- heron.instance.network.-
read/write.batch.size.bytes read/write.batch.time.ms
Samza bulk flush. max.size.mb bulk.flush.max.interval.ms
/bulk.flush.max.actions
Storm topology.producer.batch.size  topology.flush.tuple.freq.millis

instead focuses on the delivery stage and aims to ensure that
streaming data reaches the framework efficiently and reliably.
Stein et al. [10] also considered message delivery, it does not
explore difficult network conditions in depth, which are common
in settings such as mobile devices and autonomous systems.
Our study examines how mini-batching interacts with network
variation and includes comprehensive metrics and fault injection
experiments. As many platforms, such as Apache Spark and
Apache Flink, rely on Apache Kafka for data ingestion [57], our
method complements existing batching strategies that operate
after data reception.

VIII. RELATED WORK

The duality of spatial and temporal batching mechanisms is
common among all stream processing systems. To reduce state
access, Apache Flink [3] buffers input records in MiniBatch
subjecting to the configuration of maximum buffer time and
the maximum number of records per MiniBatch. When using
Apache Flume [58] to collect tweets from Twitter, the batch size
is determined by the maximum number of tweets in a single
batch and the longest time to wait before closing the batch.
Heron [8] also reads and writes data in batches by specifying
the maximum batch size in bytes or in milliseconds. In Apache
Samza [6] and Storm [59], sending a batch is called flushing and
similarly, the batch size depends on the flushing interval and the
maximum number of messages to be batched before flushing.
In Table III we list the relevant configuration parameters for
spatial and temporal batching in those popular stream processing
systems.

Many studies have examined mini batching or micro batching
in streaming data processing. Facebook engineers reported that
combining streaming and batching can significantly accelerate
long pipelines [60]. Lohrmann et al. [61] proposed adaptive
batching with dynamic task changes to balance throughput and
latency in large scale systems, using QoS reporters to track mean
latency and QoS managers to adjust batch sizes [38]. The effect
of batch size on throughput and end to end latency in Apache
Spark was analyzed in [13], where the Das et al. [13] applied
fixed point iteration to determine the batch interval. Cheng
et al. [14] introduced a fuzzy control mechanism for dynamic
batching in Spark Streaming. Stein et al. [10] developed latency
aware adaptive micro batching for streaming compression on
graphic process units. Garcia et al. [12] studied the interaction

IEEE TRANSACTIONS ON RELIABILITY, VOL. 75, 2026

between micro batching and data stream frequency in multi core
systems, highlighting throughput latency tradeoffs.

While these works mainly evaluate mean latency, other
research considers full latency distributions. Latency aware
scheduling for extended Hadoop examines both average and
quantile latency [62], and Heinze et al. [63] used elastic scaling to
reduce latency violations. These ideas motivate our introduction
of latency violation rate as a QoS metric. Our work employs
machine learning techniques to predict QoS metrics from config-
uration and network conditions, similar to predictive approaches
in other systems [64], [65]. Venkataraman et al. [64] predicted
performance of analytic applications using simple features and
small training sets, while Didona et al. [65] combined analytical
models with machine learning for performance prediction.

Recent work by Leonarczyk et al. [56] provided a detailed
follow-up to the micro-batching algorithms originally proposed
by Stein et al. [10]. Both studies use reactive controllers that
adjust batch size based on recently observed end-to-end latency.
These approaches rely on a moving-average of the last 5-10 la-
tency samples to smooth outliers and avoid oscillatory batching
decisions, since the controller reacts directly to instantaneous
latency measurements. In contrast, our method uses predictive
models that estimate QoS metrics from mini-batch configura-
tions and network conditions. As decisions are based on pre-
dicted latency distributions rather than individual samples, our
approach is less sensitive to transient spikes and does not require
moving-average smoothing. This marks a key distinction: prior
work stabilizes reactive control, whereas our approach predicts
and optimizes batching behavior under dynamic network con-
ditions during data transportation.

IX. CONCLUSION

In this work, we explore how to use mini-batches to transport
streaming data efficiently in real-time. We discuss the limitations
of existing batching methods, and use experimental data to
illustrate their unreliability. In order to collect experimental data
efficiently, we build a Docker testbed of Katka with fault injec-
tion components. We explore the correlation between mini-batch
size and the end-to-end latency. Using KDE, we create a new
QoS monitor to detect the distribution of batching latency. We
build a performance prediction model to estimate the latency
violation rate with high accuracy. The message loss rate with
poor network status is predicted by an MLP model. We use a
newly defined metric, the timely throughput, as the optimization
objective in our adaptive mini-batching strategy. In the end, we
compare the proposed mini-batching strategy with methods in
other works, and the experimental results confirm the superiority
of our new method. For future work, we plan to evaluate more
variable real-world workloads with multiple client scenarios.
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