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Abstract—In cloud computing systems, coded computing has
proven effective in mitigating stragglers and reducing latency,
especially in batch processing scenarios. However, in many
real-time applications such as prediction services, tasks arrive
continuously as a stream, and it remains unclear whether
coding-based redundancy can still provide latency benefits under
such streaming workloads. To address this, we systematically
investigate the effectiveness of coded redundancy in reducing
average task latency in distributed stream processing systems. We
focus on typical runtime models where task execution times follow
a shifted exponential distribution, which is widely used to capture
the variability and tail behavior of stragglers. Through both the-
oretical analysis and simulations, we compare five representative
scheduling strategies, including uncoded, replication-based, and
traditional coding-based approaches. Our results reveal that the
batch fixed-block coding method fails to outperform replication-
based methods, highlighting the limitations of traditional coding
strategies in such scenarios. To further explore the potential of
designing effective coding strategies for streaming workloads,
we propose a k-periodic inserted coding strategy (KIC). Ex-
perimental results show that as the system load increases (e.g.,
higher task arrival rate )\), the latency of baseline methods
increases rapidly, while KIC remains relatively stable, leading to a
widening performance gap. Compared with the best baseline, the
average latency reduction of KIC increases from 16.7% at \ = 21
to 98.8% at A = 21, indicating that with appropriate design,
coding-based redundancy holds promise for latency reduction in
distributed stream processing.

Index Terms—coded computing, streaming tasks, distributed
systems, cloud computing

I. INTRODUCTION

In modern distributed computing systems, such as cloud
computing, a critical challenge is the straggler problem,
where some computing nodes often experience unpredictable
slowdowns or even failures due to hardware malfunctions,
resource contention, network fluctuations, and other system-
level factors [1], [2]. Because tasks are typically divided into
subtasks and distributed across multiple workers, the overall
job completion time is often determined by the slowest node.
As a result, even a single straggler can significantly delay
task completion and degrade system performance. Therefore,
mitigating stragglers is essential to improve the efficiency and
reliability of distributed systems.

Redundancy has proven to be an effective way to reduce
the impact of stragglers by enabling task completion without

waiting for all workers. Among various redundancy strategies,
coding-based redundancy has received particular attention due
to its high fault tolerance with lower overhead. By encoding
tasks and distributing them to multiple workers, the system
can reconstruct the final result from a subset of completed
outputs, thus mitigating delays caused by slow or failed
nodes. Early studies demonstrated the benefits of applying
erasure codes to distributed matrix multiplication tasks [3].
Since then, coding techniques have been extended to a wide
range of distributed computing workloads, including gradient
descent [4]-[6], multivariate polynomial evaluation [7], [8],
and deep neural network (DNN) inference tasks [9]-[12].

Most existing coded computing strategies are developed
under the assumption of static or batch-based workloads,
where the full set of tasks is known beforehand and can be
jointly encoded. However, many real-world distributed systems
operate under streaming workloads, where tasks arrive contin-
uously and unpredictably rather than in a batch. This streaming
characteristic is common in real-time prediction services such
as recommendation systems [13], video stream analysis [14],
anomaly detection [15], and interactive applications. Com-
pared to batch processing, streaming tasks require immediate
responses under high concurrency, making the system more
sensitive to performance fluctuations.

In such streaming settings, stragglers not only slow down
individual tasks but can also block the processing of subse-
quent ones, leading to cascading delays and degraded overall
system responsiveness. These characteristics pose significant
challenges for applying traditional coding strategies, which
typically rely on static task structures and global coordina-
tion. As a result, it remains unclear whether coding-based
redundancy can still provide latency benefits in streaming
systems. This uncertainty motivates our study to systematically
investigate the effectiveness of coded redundancy in reducing
average task latency under stream processing systems.

In this paper, we investigate this open problem assum-
ing that task execution times follow a shifted exponential
distribution, which is commonly used to model stragglers.
We first analyze five representative scheduling strategies and
reveal the limitations of existing coding methods in streaming
scenarios. To further explore the potential of coding strategies,



we propose a k-periodic inserted coding (KIC) method as
an initial attempt, which demonstrates promising performance
under certain system conditions. The main contributions of
this paper are:

o« We conduct systematic study on the effectiveness of
coding-based redundancy in reducing average task la-
tency under streaming task arrivals. By constructing
queuing-theoretic models, we analyze and compare
the latency performance of five representative schedul-
ing strategies, including uncoded, replication-based, and
coding-based methods. Our analysis reveals that tra-
ditional fixed-block batch coding does not outperform
replication-based grouping strategies in terms of average
latency reduction for streaming tasks.

o Based on the insights from our analytical comparison,
we propose a k-periodic inserted coding strategy (KIC)
as an exploratory attempt to adapt coding techniques to
streaming scenarios. KIC periodically inserts a coded task
constructed from all currently unfinished tasks, helping to
accelerate the slowest one and reducing average latency
with minimal redundancy. Rather than being a definitive
solution, KIC serves to illustrate the potential of more
adaptive and dynamic coding designs.

« We conduct extensive discrete-event simulations to evalu-
ate the performance of both classical scheduling methods
and the proposed KIC strategy under various system
conditions. Experimental results demonstrate that under
high or overloaded system conditions, the proposed KIC
strategy consistently outperforms five classical scheduling
methods. These findings indicate that, with proper design,
coding-based redundancy has strong potential to improve
the performance of streaming prediction services.

The rest of the paper is organized as follows. Sec. II
discusses about related work. Sec. III introduces the system
model and system assumptions. Sec. IV provides latency
modeling and analysis for five conventional task scheduling
methods, while Sec. V validates this analysis and compares
their performance. Section VI proposes our newly developed
coding strategy, KIC, and Section VII evaluates its perfor-
mance compared to the other five methods. Finally, Sec. VIII
concludes the paper with future directions.

II. RELATED WORK

To ensure low-latency performance in distributed comput-
ing, many studies have explored strategies to mitigate the
impact of stragglers. Among them, redundancy-based ap-
proaches have gained wide adoption due to their simplicity
and effectiveness. A typical example is replication [16]-[18],
where multiple copies of a task are executed in parallel to
reduce the risk of delays caused by stragglers. Another widely
studied method is coding-based redundancy, such as Maximum
Distance Separable (MDS) codes [3], which splits a task into
k parts and encodes them into n redundant pieces, allowing
recovery from any k completed results. With higher fault toler-
ance and lower overhead, coding-based redundancy has been
widely applied in distributed computing systems [19]-[23].

However, many existing coding-based redundancy schemes are
designed for batch tasks that arrive all at once, without taking
into account the continuous arrival of streaming tasks [24]-
[27].

For the scheduling problem in streaming tasks, some studies
have attempted to introduce coding techniques to alleviate the
stragglers and reduce task latency. Cohen et al. [28] proposed
a joint scheduling and coding optimization framework for
streaming tasks to improve distributed computing efficiency.
Building on this, Esfahanizadeh et al. [29] further enhanced
the framework by selecting optimal worker subsets and load
distribution for each arriving task. Cheng et al. [30] propose
an erasure coding-based framework to enable low-redundancy
fault tolerance in stream machine learning systems. Although
these methods have advanced coding-based scheduling, they
still focus on partitioning and encoding individual tasks within
the stream. However, many practical tasks are inherently
indivisible and cannot be further partitioned, such as inference
tasks. In addition, these works do not explicitly model the
stochastic arrival process of tasks, limiting their ability to
characterize system performance under dynamic workloads.

Different from the above works, Ji et al. [31] explicitly
modeled the dynamic arrival process of streaming tasks as
a Poisson process and analyzed the end-to-end delay per-
formance of coded computing under this realistic setting. It
derived tight upper and lower delay bounds for both purging
and non-purging coding schemes, demonstrating significant
coding gains even when task queuing is considered. However,
this work focuses on encoding by partitioning and coding
individual tasks, without considering coordination among mul-
tiple concurrent tasks, and only compares coded methods with
uncoded ones, without evaluating other scheduling strategies.

In summary, existing studies on coded computing have
primarily focused on static or batch settings, where coding
is applied within individual tasks to mitigate stragglers. In
contrast, this paper explores inter-task coding strategies tai-
lored for streaming task arrivals, aiming to exploit redundancy
across multiple tasks rather than within a single one. Based on
this perspective, we systematically investigate the effectiveness
of coding-based redundancy under dynamic and continuous
workloads in stream processing systems. The key differences
between existing works and our approach are summarized in
Table I.

III. SYSTEM MODEL

We begin by describing the system model, followed by
an illustrative example as shown in Fig. 1. The distributed
computing system consists of a master node and n homoge-
neous worker nodes denoted by NV = {1,2,...,n}, and is
responsible for performing computation tasks ga (-) where A
referse to some local data blocks or machine learning models.
Specifically, the master node receives the task requests, each
represented by x, and needs to compute the ga (z), where
A is prestored on each worker node to enable distributed
computing. The task requests are continuously arriving at the
system. Assume that the task arrival process is a Poisson
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Fig. 1. An illustration of the distributed stream processing system.

process with the average arrival rate A. Denote T, as the inter-
arrival time between two consecutive tasks, then 7T, follows
an an exponential distribution with parameter A, with the
cumulative distribution function (CDF) as

P(T,<t)=1-—¢e ift>0. (1)

For the computation time on each worker node, denoted by
T, we assume all worker nodes are homogeneous and follows
a shifted exponential distribution with a rate parameter ; and
a shifted parameter .. Specifically, the CDF of T is given by
1— efu(t*a)’

0,

if t > a,

P(T,<t)=
(T <) otherwise.

2

In this work, we aim to minimize the average latency of
the task, which is influenced by the task scheduling strategy
of the system. Although all worker nodes are homogeneous
and follow the same shifted exponential distribution for service
time, the shift and rate parameters of this distribution may vary
across different system scenarios. These variations can impact
the choice of optimal scheduling strategies for reducing task
latency. Therefore, our objective is to characterize the rela-
tionship between the performance of conventional scheduling
strategies and the parameters of the distribution, with the aim
of understanding how these factors influence the effectiveness
of redundancy in reducing average task latency. In particular,
we focus on coded redundancy and investigate whether it can
effectively reduce the average task latency.

IV. LATENCY ANALYSIS FOR CONVENTIONAL METHODS

In this section, we analyze the average latency of five typical
scheduling methods under streaming task arrivals.

A. First-Come First-Served Method (FCFS)

In this method, when a task arrives at the system, it will
first enter a first-in-first-out (FIFO) queue maintained by the
master node. Once there exists some worker node idle, the
first task of the queue will be assigned to the worker node.

Theorem 1. The execution process of the FCFS system can
be modeled as an M/G/n queue with arrival rate A\ and n
homogeneous worker nodes acting as servers. Under this
M/G/n model, when the system is in a stable state, the average
latency of tasks scheduled by the FCFS strategy is:
TFOFS = 1 +a+ ! X
p (e — M)

(1/ap+1)*+1

2(1+(1— “”“‘”)(( ) )

np
Proof. Since the service time TX“F5 follows a shifted expo-
nential distribution, its expected value and variance are given
by:

AQtpa) )k
7

k!

n—1 (
k=0

n!
A(ltpa) yn
I

E[T/“"%) = Var(T]“"9)

1
=

The server utilization p represents the proportion of
time each server is occupied, and is defined as the ratio

between the task arrival rate and the total service rate. Specif-
ically, we have:

1
7+a7
I

FCFS

pFOFS _ A _ A A pe)
n(1/E[TFCFS]) npo
Lemma 2. In a M/G/n queuing system, if p < 1, then the
queue is stable, and the average latency, which is the average
time a task spends in the system, is

M/G _ M/G M/G

where E[TSM/G/n] is the average service time, E[T(IM/G/"] i

the average waiting time, and according to [32]:

s

A+1
2
where IE[TqM/M/n] is the average waiting time of M/M/n
model, and c is the the coefficient of variation (that is the

standard deviation of times divided by the mean time) for
service times.

R[T/6/m) = S gmim,



Lemma 3 ( [33]). In a M/M/n queuing system, the average
waiting time is
C(n,p)

]E[TqM/M/n] = o Vv

where p denotes the system utilization, with X' and ' repre-
senting average task arrival and service rates of the system,
respectively. The C(n,p) is the probability that an arriving
customer is forced to join the queue (all servers are occupied),
and it is given by

1
1+ (1= ) (25

According to Lemma 2 and Lemm 3, when p < 1, the
average queuing time can be computed by:

FCFS _ V/Var (TFCFs) 1

C(n,p) =

n—1 (np)k "
k=0 &I

E[TFCFS]  — ap+1’
C’(n,pFCFS)
B 1
N A(l+pa n! n—1 (W)k ,
1+ (1- (:: ) <(k<1+;>)) k=0 W
m
E[TFCFS] _ (CFCFS)Q +1 . C(n, pFCFS)
q 2 n/E[TFCFS] — X

Finally, summing the service time and the waiting time
yields the result in Theorem 1:

TFCFS — E[TFCFS] + E[TFCFS]
q s :
The proof is completed. O

B. Full Replication Method (FR)

In this method, when a task arrives at the system, it will be
replicated into n copies and distributed to n worker nodes for
execution. Once any one of the nodes completes the task, all
other nodes immediately cancel their execution. If the previous
tasks have not yet been completed, the subsequently arriving
tasks will enter a FIFO queue maintained by the master node
and wait for execution.

Theorem 4. The execution process of a group can be modeled
as a M/G/1 model, and when the system is in a stable state,
the average latency of tasks scheduled by the FR strategy is:

A(14+apn) A
n + o) pun 1
TFR — K - Utpnojpn - =
2( T+pna )‘) pun

Proof. The task arrival follows the Poisson distribution with
parameter A as defined in formula (1), and the average service
time corresponds to the completion time of the fastest node
among those assigned to execute the task. Specifically, the
service time of node ¢, denoted by TiF R follows a shifted
exponential distribution as defined in formula (2). Therefore,
the computation time can be characterized as the first order

statistic of n ii.d. shifted exponential distributed random
variables, denoted by T(f;)R, whose distribution is given by:
Fren(t) =1~ P(TFE > ) =1 — e =) if ¢t > q.
Thus, TF%(1) follows a shifted exponential distribution with

rate parameter un and shift parameter «. The expectation and
variance of TFF(1) are given by:

1 1
BTG = o +a,  Var (167) = ()

The server utilization of this system is

JFR A _ A1+ apn)
BEIE) ~

The mean service rate in this method is given by p’ =
T +‘m . By substituting the above expressions into the Pol-

puno ' . .
laczek—Khinchine formula [34], [35], we obtain the result

presented in Theorem 4, which completes the proof. O

C. Group-based Replication Method (GR)

The system divides the worker nodes into ! groups, under
the assumption that n is divisible by [, with each group
containing % nodes. When a task arrives, it first enters a FIFO
queue managed by the master node and waits for computing.
If there is at least one idle group of nodes, the task at the
front of the queue will be replicated into 7 copies and sent
to that group for execution. As soon as any node in the group
completes the computation, the result will be returned to the
master node, and all remaining replicas within the same group
will be immediately canceled.

Theorem 5. The execution process of the system can be
modeled as a M/G/l model. When the system is in a stable
state, the average latency of tasks scheduled by the GR strategy
is:

1 l
TGR = o7 lpm + — +ax
2(l+a,un —A)  pn
l
(aun+l)2 + 1

AU+ ! o1 (U
(1 0= 2 (e ) 47, S

un

Proof. By dividing the n nodes into [ groups, each containing
7 servers, and treating each group as a single server, the
system can be modeled as an M/G/l queue. The task arrival
follows a Poisson distribution with parameter A as shown in
formula (1), and the average service time of each task refers to
the service time of the fastest completing node in a group. Let
the service time of node i be denoted as 7,°%. Similar to the
FR method, the computation time of each group corresponds to
the first order statistic of % i.i.d. shifted exponential random
variables. We denote this time as Tg)R, which follows the
distribution:

Fren(t) = 1- P(TER >y =1 —e T ift > a.



The expectation and the variance of T(G) are

l
E[Tg)R] = + a, Var (T(1) ) = (—)2

Accordingly, the server utilization of the system is

A1+ apn)

R X.E[T¢F(1)]/l = I

Based on Lemma 2 and Lemma 3, when the system remains
stable (i.e., p@f < 1), the average waiting time in the M/G/I
queue can be estimated using the coefficient of variation

GR
cCt = a;m —; and the Erlang C formula. Letting C'(l, P&
denote the corresponding correction term, the average waiting

time is given by:

((CGR)Q

2(grrom

1) C(1, p°")
- ’

E[T; "] =
]E[T(Gl)R

Adding the expected service time E[Tg)R

] yields the average
task latency T¢® in Theorem 5. The proof is completed.

O

D. Batch MDS Coding Method (MDS)

In this method, the system operates in a batch processing
manner. Initially, it waits for the arrival of k& (k < n) tasks,
groups them into a batch, and encodes them into n subtasks
using an (n, k) MDS code. These subtasks are then processed
concurrently by n worker nodes. In each batch, as long as
any k of the n subtasks are completed, the batch can be
decoded and considered finished. The system processes tasks
in a blocking manner: all tasks within a batch start their
computation simultaneously, and the next batch will only begin
processing once the current batch has been fully completed.
Prior studies [3], [19]-[22], [31], [36]-[38] have commonly
assumed that the encoding and decoding overhead is negligible
compared to the computation time. Following this line of
work, we do not explicitly consider the encoding and decoding
latency in this paper.

Theorem 6. The execution process of a batch can be modeled
as a G/G/1 model. When the system is in a stable state, the
average latency of tasks scheduled by the MDS strategy is:

TMDS k—1 A((Ha+pa)®+kHao) = Ha+ po
2A  2kp (kp — MHa + pov)) poo

A
- Hn—k: and HA,Q = Hn,2 - Hn—k,2~
% denotes the j-th harmonic number, and

A
where Hn = H,,
_ NV
Here, H; = sz:l
the Hjo = Y 1_, %2 denotes the corresponding generalized
harmonic number of order 2.

Proof. Tasks are processed in batches, and a batch is only
considered complete when & out of n subtasks finish. Thus, the
entire system can be abstracted as a single server that processes
one batch at a time. Tasks arrive according to a Poisson process
with rate \. Since each batch contains k tasks, the batch inter-
arrival time TM P9 follows an Erlang distribution with shape

k and rate ), corresponding to the sum of k i.i.d. exponential
random variables. As a result, we can get

-1 ()\t) —\t
gl

Zv?‘

P(TMPS <) =1— ., t>0. (3
i=0

Therefore, the expectation and variance of the batch inter-
arrival time are given as follows.

k k
X , Var (T]WDS)

- @)

The service time TM P9 of each node i follows the shifted
exponential distribution as shown in formula (2), so the service
time for a batch can be viewed as the k-th order statistic of n
shifted exponential distributed random variables, denoted by

T(%D 5. which follows the distribution [39] :

E[TI\/IDS] —

n

n —p(t—a)yiy,— —a)n—1
Frpos(t)= Z(Z-)[l—e’“ Nlem =t > a

i=k
4)
The expectation and variance can be calculated as:
H,—H,_
E[T}PS) = W= Booi) ; 8 1o (6)
s\ _ (Hn2— Hnogp2)
Var( (%D ) = — @)
The server utilization of this system is
vmps _ 1/E[TMPS) _  AMH, = Hp— g + pov)
1/E[TJVIDS} ku .

Lemma 7 ( [40]). In a G/G/I queuing system, if p < 1, then
the queue is stable, and the average latency is

G/G/1 _ G/G/1 G/G/1

G/G/l] G/G/l]

where E[T. is the average service time, E[T,
is the average waiting time, and according to Kingman'’s
formula [41], an approximation for the average waiting time

is:
a 1—0p 2

where p is the system utilization, c, is the coefficient of
variation for arrivals, and cs is the coefficient of variation
for service times.

) E[TS/9/1)

According to Lemma 7, the coefficients of variation for the
batch inter-arrival and service times are

mps _ L MDS _ Hy2 —
a \/E7 s Hn — Hn
Using these, the average waiting time approximates to
A((Ha + pa)? + kHa 2)
2kp (kp — M Ha + pa))
Based on the above, the average latency T2 D5 for a batch
is

H, 1o
—k Jr,uo/

E[T}P%] ~

TILIDS

bater = BTy P5] + E[T3)7%].



Compared to the latency of the entire batch, the average
latency for each task includes an additional component: the
average waiting time for the batch to be formed. Suppose
that IC = {1,...,k}, and the average waiting time for task j
(where j € K) is denoted as 77 . , measured from its arrival
until the arrival of task k. It is evident that 77 . = k%
Therefore, the average latency of this method is

k
MDS __ J MDS
T - Z Twait + Tbatch .
j=1

x| =

Substituting the above results, we can derive Theorem 6.
The proof is completed. O

E. Group-based MDS Coding Method (GMDS)

This approach, like the grouping replication method, divides
the n nodes into [ groups, each containing 7 nodes. Within
each group, tasks are processed using the batch MDS coding
method described before. Specifically, the system waits for &
tasks (where k < %) to form a batch, which is encoded via an
(%, k) MDS code into 7 coded tasks. When a group becomes
idle, the encoded tasks are assigned for parallel execution.
A batch completes once any k out of the 7 nodes in the
group finish their tasks, and the remaining tasks in that group
are immediately canceled. The system follows a blocking
execution policy, similar to the batch MDS coding method,
where a new batch does not begin execution until all nodes in
the previous group become idle. Similar to batch MDS-based
methods, we assume that the encoding and decoding overhead
is negligible in our analysis.

Theorem 8. The execution process of this method can be
modeled as a G/G/l model. When the system is in a stable
state, the average latency of tasks scheduled by the GMDS
strategy is:

o2 + kHA/72

AD i -1 (B2
1+ ( - E) (%)z Zi:O Al
1 ¢ k-1

0D (M=) o

TGMDS

where ® é H% —H%_k + poy, and HA/,Q é H%Q _H%—k,2-

Proof. Similar to the GR strategy, the system is divided
into [ groups, each acting as an independent server. Within
each group, task execution follows the batch MDS coding
method, where batches of £ tasks arrive according to an Erlang
distribution with shape % and rate A. We denote the inter-arrival
time as T¢MPS which follows the Erlang distribution in (3),
with its expectation and variance given in (4). The service
time corresponds to the k-th order statistic of % i.i.d. shifted
exponential random variables, denoted as TC,jM bs . According
to formula (6) and (7), its expected value and variance are
given by:

_ (Hy —Hyy)

E[TG %) = ; +a,

(Hzo— Hz_j2)
p? '
The server utilization of this system is
GMDS _ 1/E[TEMP5] _ AMHy — Hy—p + po)
1/IE[T(C,§§‘4DS] ku

Var (TG}1P5) =

Lemma 9. In a G/G/l queuing system, if p < 1, then the
queue is stable, and the average latency is

TG/G/Z _ E[TqG/G/l] + E[TS/G/ZL

where E[TSG/G/I] is the average service time and E[T(IG/G/l] is
the average waiting time. Using the approximation in formula
(2.14) of [42], the average waiting time can be approximated
as follows.

2 2
E[TqG/G/l] ~ (ca —;— cs) E[TqM/M/zL

where c,, is the coefficient of variation for arrivals, and cs is
the coefficient of variation for service times.

Based on Lemma 3 and Lemma 9, the average waiting time
E[TEMPS] of this system can be calculated by:

1 GMDS _ V Hno— Ha o

CGMDS_
- )
s H%—H%,k—&-ua

a

=7
I <(CaGMDS)2 _;_ (chDS)2) ]E[TqM/M/l]

(I)2+]€HA/72
-1 (o)1)

Accordingly, the average latency TE2DS for a batch is

TEPS — BITFMPS) + BTG

E[TqG]\/IDS

ke (klp — A®) (1 +(

Like the batch MDS coding method, this method also
includes the average batch formation delay. Therefore, its
average latency is:

k—1
TGMDS _ o + TGMDS
Similarly, substituting the above results yields Theorem 8,

which completes the proof.
O

V. COMPARISON AND CHARACTERIZATION OF
CONVENTIONAL METHODS

In this section, we first perform simulation experiments and
numerical calculations for the five conventional scheduling
methods to assess the accuracy of their theoretical latency
models. We then analyze the transformation relationships
among these strategies and focus on evaluating the perfor-
mance of coding-based methods in reducing the average
latency of streaming tasks.



A. Simulation Verification and Numerical Accuracy

We compare simulation results with theoretical calculations
to evaluate the accuracy of the latency models for each method
under different system settings. The five methods are modeled
using different queuing systems to characterize their average
latency. Specifically, we adjust system parameters to align the
utilization levels across all methods, and then evaluate the
relative error between the theoretical and simulated average
latency at different utilization points ranging from 0 to 1.
Overall, the results show good agreement, with most devi-
ations remaining below 6%, confirming the effectiveness of
our theoretical analysis.

il: 0~ —— FCFS
05| . 10-2 Local detail: 0-0.06 R
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Fig. 2. The corresponding system utilization rate under each method

In terms of numerical accuracy, the M/G-based models
for FCFS, FR, and GR demonstrate high precision, with
relative errors typically below 2%. This accuracy benefits
from the close match between their modeling assumptions and
simulation settings. In contrast, the G/G/1 and G/G/l models
used for MDS and GMDS exhibit higher errors—though still
within 6%—due to the difficulty of analytically capturing non-
Poisson arrivals and variable service times induced by coding
redundancy.

We also observe distinct trends in model accuracy as system
utilization increases. For the M/G-based models, the relative
error stays low and stable at low utilization levels, but starts
to fluctuate with rising utilization and rises sharply as the
system approaches saturation. This is mainly because queueing
delays become more sensitive to small variations in param-
eters under heavy load. In contrast, the G/G-based models
exhibit a non-monotonic error pattern. As utilization increases,
the error initially grows, then decreases slightly at higher
utilization levels, likely because redundancy helps smooth
out traffic burstiness. However, the error rises sharply again
when utilization approaches saturation, where queue instability
amplifies the mismatch between theoretical assumptions and
actual behavior. Despite these fluctuations, the overall error
of the G/G-based models remains low across most operating
conditions, demonstrating the effectiveness of the analytical
approximations. These findings demonstrate the reliability of
the proposed analytical models.

B. Transition Relationships Among Scheduling Methods

We observe that the five scheduling strategies discussed
earlier are not entirely independent, as they can be transformed
into each other under specific parameter settings. This section
outlines the intrinsic relationships among FCFS, FR, GR,
MDS, and GMDS by analyzing their behavior in special
cases. These connections help clarify the roles of the key
parameters (e.g., [ and k) in controlling the structure and
degree of redundancy, and how different parameter choices
lead to distinct scheduling behaviors. The relationships are
illustrated in Table. II.

TABLE I
THE CONVERSION RELATIONSHIPS AMONG THE FIVE METHODS

Variable / Method | GR MDS GMDS
1=1 =FR \  =MDS
l=n —FCFS  \  =FCES
k=1 \ =FR =GR
k=mn \ \ \

For the Group-based Replication (GR) strategy, when the
number of groups [ = 1, all nodes belong to a single group.
In this case, each task is replicated to all nodes, making GR
equivalent to FR. Conversely, when | = n, each node forms
its own group without redundancy across groups, reducing GR
to the FCFS strategy without any redundancy.

In the case of the batch MDS coding (MDS) strategy, when
the parameter k = 1, the system no longer needs to wait
for multiple tasks to form a batch. Instead, each individual
task is encoded into n coded fragments, which is functionally
equivalent to generating n replicas of the task. As a result, the
batch MDS strategy is equivalent to the FR strategy.

The Group-based MDS coding (GMDS) strategy, as a
flexible framework with two tunable parameters [ and k,
can transform into the other four strategies under specific
configurations. When [ = 1, all nodes belong to one group,
and the strategy becomes equivalent to the MDS strategy,
with k as the only adjustable parameter. When [ = 1 and
k =1, it coincides with the FR strategy, consistent with the
special case of MDS. When k£ = 1, the coding redundancy
is functionally equivalent to replication, and with [ as the
only tuning parameter, the strategy corresponds to GR. Finally,
when [ = n, each node forms an individual group and cannot
provide redundancy. In this case, k£ must also equal 1, and the
strategy matches the FCFS strategy.

These relationships show that different redundancy strate-
gies can be represented as special cases of a common pa-
rameterized framework. This allows us to analyze system
performance directly in terms of the key parameters [ and
k, and attribute performance differences to how redundancy is
structured. As a result, we focus on the optimal parameter set-
tings of GMDS and GR, since other strategies can be obtained
as special cases under specific parameter configurations.



C. Performance Evaluation of Coding-based Strategies

To assess whether traditional fixed-size batch coding can
effectively reduce the average latency of streaming tasks, we
compare the performance of several methods introduced earlier
based on the latency expressions and the relationships derived
in previous sections.

For the GR strategy, since it reduces to FR when [ = 1 and
to FCFS when [ = n, its latency T¢(I) naturally interpolates
between these two extremes. Therefore, there exists an optimal
group number [* that minimizes T¢*, and the corresponding
minimum latency T¢®" is no larger than both TFCFS and
TFE,

Similarly, for the GMDS strategy, which generalizes MDS
as a special case when | = 1, its latency TEMPS (k1) is
optimized over a larger parameter space. Hence, the optimal
latency TEMDPS™ — ming ; T¢MPS(E, 1) is no larger than the
optimal latency of MDS, i.e., TMPS" = min;, T¢MPS (k. 1).

To further investigate the role of batch coding, we focus
on comparing the optimal performance of GR and GMDS.
It’s clear that the latency expression of GMDS satisfies
miny ; TEMPS (k1) < min; TEMPS(1,1) = TER, so we
have T¢MDPS™ < TGR™ However, this inequality alone does
not confirm the advantage of coding, as the optimal parameters
(k*,1*) for GMDS might result in a configuration that reduces
to GR, FR or FCFS.

Fig. 3. Optimal k£ of GMDS under varying A, p, and a.

Theorem 10. In the stationary case, we have

TGMDS* _ TGR*

Proof. Due to the analytical complexity of the GMDS latency
expression, it is intractable to derive a closed-form solution
for the optimal parameters (k*,1*). To address this, we
perform an exhaustive simulation of the GMDS scheduling
process, enumerating all possible values of [ € {1,...,n}
and k € {1,...,|%]|} to empirically determine the optimal
values. Surprisingly, as illustrated in Fig. 3, under stable
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Fig. 4. An example about the insert coding method with n = 5,k = 3.

system conditions (p < 1) and across varying values of A,
1, and ¢, the optimal encoding block size k* is always equal
to 1. This implies that T¢MPS™ = TGE" and the proof is
completed. O

In summary, conventional fixed-size batch coding does not
provide any advantage in average latency compared to group-
based replication in streaming task scenarios.

V1. K-PERIODIC INSERTED CODING METHOD

Since existing coding strategies are limited in streaming
scenarios due to their reliance on fixed block sizes and
lack of flexibility, we further introduce a k-periodic inserted
coding (KIC) method as a supplementary attempt. In this
section, we first describe the KIC scheme and then present
its corresponding latency expression.

A. Method Description

As illustrated in Fig. 4, when a task arrives at the system, it
first queues in a first-in-first-out (FIFO) request queue, at the
same time, the system maintains a coding buffer that records
all tasks that have not yet completed. Once a task is completed,
it is removed from the buffer. Whenever & tasks have been sent
to nodes for execution, all unfinished tasks in the coding buffer
are encoded into a coded task, which is then inserted to be
executed before the tasks currently in the request queue. If
a task is successfully decoded first through the coded block,
the computation on the node directly executing that task will
be canceled. Similarly, if all tasks in the coded block are
completed, the computation on the node processing that coded
block will be canceled. The detailed execution procedure of
the method is shown in Algorithm 1.

B. Latency Expression

To better illustrate how the proposed method helps reduce
the average task latency, we provide a formulation of the
latency under the KIC strategy. For a given task, its latency
includes two possible cases: the task can be completed either
through normal execution by a node or earlier through decod-
ing a coded block. Denote the completion time of task 7 under
direct execution without coding as 77, while C; represents
the set of coded blocks that contain task <. The decoding



Algorithm 1: K-periodic Inserted Coding Method
(KIC)
Input: insertion interval &, number of nodes n
Initialization: FIFO request queue Q < 0, coding
buffer B < (@, counter ¢ <+ 0

1 Function Encode (B):
2 Encode all tasks in B.

3 return coded task

4 while rask 1 arrives do

5 | Q« Qu{i}

¢ end

7 while exits an idle node do

8 if B#0, ¢>0and c mod k =0 then
9 coded task j°°% < Encode(B)
10 Assign j°°% to the idle node.
11 else if Q # () then

12 task j « Dequeue(Q)

13 Assign j to the idle node.

14 cc+1, B+ BU{j}

15 end

16 end

17 while task j is completed do
18 | B+ B\ {j}
19 if j is decoded from a coded task then

20 ‘ Cancel execution of the original task of j.

21 end

22 if all tasks in the coded block are completed then
23 ‘ Cancel execution of the coded task.

24 end

25 end

completion time of task i from coded block m is represented
by T™. Accordingly, the actual completion time of task i is
given by

T; = min <Ti0, min {T{”}) )
meC;

To analyze this in detail, we next focus on modeling
the completion time of tasks recovered from coded blocks.
Notably, the completion time is determined by the decodability
of the coded block rather than its computation finish time. Let
D,,, be the set of tasks encoded in coded block m, and let
S, denote the service completion time of coded block m,
including queuing and processing time. Then, the decoding
completion time of task ¢ from coded block m is given by:

max Tj} .
j€Dm\{7}
Therefore, the average latency of this method is:

max Tj}ﬂ .
JEDm {3}

The insertion frequency k controls the formation frequency
and size of C; and D,,,, thereby influencing both the probability

7

T™ = max {Sm,

TKIC = E {min <Ti0, min max {Sm,

meC;

and the number of times each task is covered by coded blocks.
A smaller k leads to more frequent coding with larger C;
and smaller D,,,, whereas a larger k results in sparser coding,
yielding smaller C; and larger D,,.

While we provide a formal expression for the average task
latency under the KIC strategy, deriving an analytical solution
remains intractable due to the recursive and interdependent
nature of the completion time terms. Specifically, the decoding
time of a coded block 77" is jointly determined by the
completion time of the coded block itself and all other tasks
it encodes. These task completion times, in turn, may depend
on the decoding of other coded blocks, resulting in a complex
dependency graph with no closed-form solution. Moreover,
the asynchronous and stochastic arrival of streaming tasks
further complicates the modeling of queuing dynamics and
coded block formation.

Given this complexity, we adopt a data-driven approach to
determine the optimal coding interval parameter k. Under the
assumption that the task arrival process, service time distribu-
tion, and the number of system nodes n are known or can be
estimated, we first simulate the system behavior across a range
of k values to empirically identify the one that minimizes
average latency. This offline simulation process can be viewed
as a digital twin of the real system, providing performance
insights without interfering with actual operations. Once the
optimal k is obtained in the simulation environment, it can
be deployed in the real-time scheduling of streaming tasks to
achieve near-optimal latency performance in practice.

VII. PERFORMANCE EVALUATION

To evaluate the performance of the proposed K-periodic
Inserted Coding (KIC) method in streaming prediction service
systems, we conduct discrete-event simulations that model
the execution processes of six task scheduling strategies:
FCFS, FR, GR, MDS, GMDS, and the proposed KIC. These
strategies are simulated under identical system conditions, and
we compare their average task latency by varying system
parameters.

A. Simulation Settings

We simulate a cloud computing environment by modeling
both streaming tasks and compute nodes. Tasks arrive accord-
ing to a Poisson process with rate A\. The system consists of
n = 10 worker nodes operating in parallel. The service time of
each node follows a shifted exponential distribution with rate p
and shift factor «, capturing both the inherent processing delay
and stochastic variability across nodes. Each arriving task is
assigned to a node for execution, and system performance is
evaluated based on task completion times.

For each strategy, we simulate the processing of 5000 tasks.
For every task, we record its arrival and departure times, and
compute its latency as the difference between the two. The
average task latency is obtained by averaging over all tasks.
To ensure statistical reliability, each simulation is repeated 10
times under the same parameter configuration, and the reported
results are averaged across these runs.
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For the parameterized strategies GR, MDS, and GMDS, we
determine optimal internal parameters such as k£ and ! through
numerical search. Specifically, we enumerate the possible
values of these parameters, simulate the corresponding average
latency for each configuration, and select the setting that
achieves the lowest latency. Simulations for these methods are
then conducted using these optimized parameters.

For the proposed KIC method, we optimize the insertion
interval k£ by enumerating all values from 1 to n. For each
candidate k, we run simulations with 100 task arrivals per run
and repeat the process 10 times to reduce randomness. The
value of k that achieves the lowest average latency is selected
as the optimal configuration.

B. Experimental Results and Analysis

We consider three key system parameters: task arrival rate
A, service rate pu, and shift factor «. Their default values
are set to A = 15,4 = 4, a = 0.2, with the number of
nodes in the system set to n = 10. Based on this baseline
configuration, we conduct four sets of experiments, each
varying one parameter individually to examine its impact
on the scheduling performance. The experimental results are
shown in Fig. 5.

The results indicate that the proposed KIC method achieves
superior performance under high-load conditions, such as low
u, large A, or large o As these factors increase system load
and push utilization toward saturation, traditional redundancy-
based strategies such as replication-based and coded-based
scheduling suffer from rapidly growing latency (e.g., exceed-
ing 60 when A = 35). This is because excessive redundancy
consumes additional computing and queueing resources, fur-
ther amplifying delays in overloaded systems. As a result,
under such circumstances, the non-redundant method emerges
as the most efficient among the five traditional strategies.

Unlike traditional approaches, KIC introduces redundancy
in a selective and adaptive manner, specifically targeting tasks
executed on slower computing nodes. Each coded chunk is in-
tended to accelerate only the slowest task it contains, resulting
in a highly focused rather than broadly distributed performance
gain. This targeted compensation mechanism is less effective
under low-load conditions, where system resources are abun-
dant and traditional redundancy strategies can aggressively

(b) n =10, A\=15and o = 0.2

Performance of the schemes under different A\, p and o.

1,000

)n=10,A=15and p =14

insert additional redundancy to tolerate multiple slow nodes
simultaneously. However, when the system is overloaded,
traditional redundancy methods introduce substantial overhead
by uniformly applying redundancy, which often leads to de-
graded performance and can even be outperformed by the non-
redundant FCFS method. In contrast, KIC inserts redundancy
only when necessary and targets tasks on slow nodes, thereby
effectively accelerating stragglers. This selective mechanism
enables KIC to maintain low latency even under high load
(e.g., below 1 when A = 35, corresponding to about 98.8%
reduction compared to the best baseline) and achieve better
overall performance when the system is operating near or
beyond saturation.

VIII. CONCLUSIONS AND FUTURE WORK

This paper investigated the effectiveness of coding-based
redundancy in distributed stream processing systems. Through
queuing-theoretic analysis, we modeled and evaluated the
latency performance of five representative scheduling strate-
gies, revealing the limitations of traditional fixed-block coding
methods in such dynamic environments. Building on this
analysis, we proposed an adaptive coding strategy called
k-periodic inserted coding (KIC), which selectively intro-
duces redundancy to mitigate stragglers. Experimental results
demonstrated that KIC significantly improves latency under
high load, validating the potential of coding techniques in
stream processing services. This work demonstrated the po-
tential of coding-based redundancy mechanisms specifically
designed for stream task arrivals, offering novel insights into
optimizing real-time distributed stream processing systems.

As part of our future work, we will explore the practical
deployment and real-world validation of coding-based redun-
dancy strategies. we plan to conduct large-scale experiments
on real-world cloud platforms such as AWS EC2 to validate
the practicality of the proposed KIC strategy under realistic
system conditions. This includes evaluating performance under
heterogeneous hardware, network variability, and real work-
load traces, as well as investigating the deployment overhead
and system integration challenges of coding-based redundancy
mechanisms in production environments.
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