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Abstract. Serverless computing systems behave like an infinite server queue, dynamically expanding
the number of instances to handle incoming batch tasks. In serverless computing, to leverage its
scalability, efficiency, and cost-effectiveness, it is essential to apply an infinite server queue with batch
task arrival. The model is used to estimate resource usage and to optimize cost-performance trade-
offs. This paper analyzes a discrete-time infinite-server batch/single-arrival queue with application to
a serverless computing system. We obtain the probability-generating function of the system size, which
characterizes a functional equation; we then solve it recursively to find state probabilities at various
epochs and some performance measures. Unlike existing discrete-time infinite-server models, this paper
explicitly compares the late-arrival system with delayed access and the early-arrival system policies in
the context of batch arrivals, and establishes convergence to their continuous-time counterparts. The
model’s numerical results have been presented in graphs and tables to illustrate the impact of batch-size
distributions and system parameters.
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1. Introduction

Serverless architecture offers numerous advantages, including lower operating costs, enhanced
application performance, and multi-language support for developers. Due to these benefits,
serverless computing is gaining popularity among companies seeking an affordable development
and implementation model. Infinite-server bulk-arrival queueing models have intriguing appli-
cations in serverless computing, particularly for handling unpredictable or high-volume work-
loads. Serverless computing has emerged as a notable framework in cloud-native application
development, primarily due to its underlying elasticity and cost efficiency [7, 14]. This paradigm
simplifies runtime resource management, leading to its widespread adoption in Function-as-a-
Service (FaaS) offerings, such as AWS Lambda [28]. [26] discussed the challenge of predicting
the performance of serverless functions in a dynamic environment. [27] and [25] noted that
the performance variability, which demonstrates differing end-to-end response latencies across
identical function invocations, is an unconsidered problem within the research community.

Serverless function performance is crucial for both practitioners seeking to optimize their
applications and cloud providers aiming to improve service quality [15]. It necessitates robust
methodologies for performance evaluation, often involving empirical studies to determine the
number of repetitions required for a serverless function with specific inputs, accounting for
observed performance fluctuations [27]. Instead of coming in one at a time, several requests
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arrive simultaneously. There is never a waiting queue because each incoming request is promptly
assigned to a server. Serverless platforms and other elastic resources are used in this model
system. These models are ideal for examining systems with nearly infinite scalability, such as
serverless operations or cloud-based microservices.

Bulk arrival models facilitate the simulation and forecasting of serverless systems’ behavior,
which often encounter unexpected spikes in requests. Analysis of latency, throughput, and
resource usage without bottlenecks is possible with infinite server queues. Many researchers
studied the continuous-time infinite server queues with many alterations like, overlap times
[18], in a semi-Markovian environment [8], system’s additional tasks and impatient customers
[1], phase-type arrivals [20], batch arrivals [21, 23], batch arrivals and dependent service times
[19]. The transient solution of the Markovian multi-server queue with balking and catastrophes
has been discussed in [16].

The arrivals and departures may co-occur at a slot’s border epoch in discrete-time queueing
system. Arrival-first (AF) and departure-first (DF) ruling strategies, sometimes mentioned as
the early arrival system (EAS) and late arrival system with delayed access (LAS-DA), respec-
tively, can deal with rules in the case of simultaneity, see [12, 13]. In the literature, multiserver
discrete-time models with various variations have been discussed: with late and early arrival
system [9], optimal control of queue [2], baling behavior [10], batch arrival [22], renewal input
[3], batch arrival with renewal input [5], batch service [11].

The discrete-time batch arrival infinite-server queueing model mapping enables the per-
formance analysis of serverless systems to predict scalability, optimize resource allocation, and
model bursty, event-driven workloads. The infinite-server assumption holds well below platform
concurrency limits, making it ideal for analyzing short-term auto-scaling behavior. [17] analyzed
the discrete-time infinite-server queueing system with batch arrivals and bulk service, formu-
lated a functional equation for the system occupancy, and solved it by recursion rather than
by the more common transform or matrix-analytic methods. [4] examined the discrete-time
infinite-server bulk-arrival renewal input queue with geometrically distributed service times.
They derived both the transient and steady-state distributions of the model’s system size. [6]
analyzed continuous-time infinite-server batch arrival queues with Poisson arrival epochs, han-
dling both stationary and nonstationary arrival rates and general service distributions. This
study extends [4] work by switching from discrete-time geometric service models to continuous-
time general service distributions.

Serverless systems, by their features, are demand-driven and event-driven. Because system
actions often occur in discrete steps or in response to discrete events, continuous-time models
are less appropriate. Analysis of concurrency constraints, burst handling, and scaling dynamics
is made easier by representing system evolution at slot boundaries. For the study of systems
with batch arrivals, synchronization effects, and time-slotted control strategies, discrete-time
queueing models offer manageable frameworks. While several studies address infinite-server
queues with batch arrivals, fewer works consider discrete-time formulations under different ar-
rival–departure conventions, which are particularly relevant for slot-based serverless platforms.
In this article, we consider a discrete-time batch/single arrival infinite-server queueing system
to enhance the effectiveness of serverless computing. The interarrival and service times are as-
sumed to be geometrically distributed. We find the state probabilities at arbitrary and outside
observer’s observation epochs for both the late arrival system with a delayed access and the
early arrival system by the recursion method. Particular cases are examined by assuming var-
ious probability distributions for the arrival batch sizes. Numerical experiments of the system
have been examined in the form of tables and graphs. It is established that, in the limiting
case, the results of this paper tend to the continuous-time counterpart.

This paper is structured as follows. Section 2 shows a serverless computing system architec-
ture as a GeoX/Geo/∞ queueing system. Section 3 analyzes the GeoX/Geo/∞ queue by two
methods for the late arrival system with a delayed access and the early arrival system policy.

342



CRORR 17:2 (2026), 341–354 Goswami: Discrete-time infinite-server batch arrival queue...

In Section 4, we discuss exceptional cases by assuming various probability distributions for the
arrival batch sizes and Section 5 presents the analysis of the Geo/Geo/∞ queue. Section 6
illustrates the numerical results, and Section 7 concludes the paper.

2. System model

The cloud provider can dynamically allocate machine resources through a cloud architecture
called “serverless computing”. Due to their elasticity, serverless architectures can effectively
manage batch arrivals and are inherently scalable. With a sufficient number of servers, serverless
computing can handle batch arrivals as follows.

Automated Adjustment: Platforms without servers automatically allocate resources to meet
incoming tasks. AWS Lambda system scales out in response to event volume and can manage
thousands of concurrent executions. Google Cloud Functions automatically scales to handle
the volume of incoming requests, ensuring each request is processed promptly. Azure Functions
are suitable for batch processing; they scale out to handle multiple concurrent executions.

Event-driven invocation: Serverless functions are appropriate for batch job processing since
a variety of events, such as scheduled tasks, message queues, and data processing pipelines, can
trigger them.

Economy of cost: Serverless platforms bill according to the resources and real execution
time, such as pay-per-use and no idle costs.

�

Step 1: Receive Event

�

Step 2: Allocate Server

3

Step 3: Execute Workload



Step 4: Process Data

ï

Step 5: Return Results

An event trig-
gers a workload

A dedicated server
is allocated for
the workload

The workload is
executed on the
allocated server

Data is pro-
cessed and results
are generated

Results are returned
to the system

Figure 1: Serverless architecture cycle.

Serverless architecture processes bursty, event-driven workloads with automatic, near-infinite
scale. The core principle is that every unit of work (job in a batch) gets its own dedicated ex-
ecution environment (server) without waiting for previous jobs to finish. Fig. 1 depicts the
serverless architecture cycle. Here is a visual representation of the core architecture.

Batch Arrival Generator (Event Sources): Here, batch arrivals originate and generate events
that trigger the system, generally in bursts.

Queueing System (Trigger and Buffer Layer): After receiving the batch, this layer sends it
to the compute layer. It decouples components and controls flow.

Infinite Server Farm (Compute Layer): The infinite server model consists of stateless,
ephemeral compute services that scale on demand.

Shared State and Orchestration (Backing Services): The compute instances depend on
managed services for durability and coordination because they are isolated and stateless.

Fig. 2 illustrates the flowchart of the serverless computing. Let us imagine a scenario where
a large number of images need to be uploaded to a cloud storage bucket and then processed.
Here, we consider an infinite server queueing model with packets arriving in batches. An
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Figure 2: Flowchart of serverless computing.

infinite number of servers are ready to handle new assignments; a server is assigned to each
task as soon as it arrives; every task is dealt with concurrently; and since there are always
enough servers to manage the load, tasks never wait in a queue. This idea can be leveraged to
handle such workloads in serverless computing by capitalizing on its scalability and event-driven
architecture. By dynamically increasing or decreasing the number of instances to accommodate
incoming batch tasks, serverless computing platforms can behave similarly to an infinite server
queue. The discrete-time infinite-server batch-arrival model may not adequately explain systems
that operate under capacity caps, burst-induced provisioning delays, or severe resource coupling,
even while it is suitable for lightly loaded, unconstrained, and brief function executions.

3. Analytical model

We consider a discrete-time batch arrival queue wherein requests arrive in batches of random
size Y with probability mass function (pmf) gj = P (Y = j), j ≥ 1, probability generating
function (pgf) G(z) =

∑∞
j=1 gjz

j , |z| ≤ 1 and mean batch size g. The inter-arrival times A are
independent and geometrically distributed with pmf P (A = n) = λλ̄j−1 0 < λ < 1, j ≥ 1.
The batch sizes are independent of inter-arrival times. With pmf P (S = n) = µµ̄j−1, 0 <
µ < 1, j ≥ 1 and mean service time 1/µ, the service time S of each of the infinite servers is
independent and geometrically distributed. Additionally, given that there are k busy servers,
the probability that ℓ servers finish service in the following interval is provided by

Ψ(ℓ | k) =
{(

k
ℓ

)
µℓµ̄k−ℓ 0 ≤ ℓ ≤ k,

0 otherwise
(1)

Since servers are infinite, stability does not need balancing arrival and service rates, unlike
finite-server queues, because an infinite number of servers prevents queue formation. Rather,
stability is ensured provided that both the mean service time and the mean arrival rate are
finite. As it is assumed that the arrival batches and service times are independent and iden-
tically distributed throughout slots, the system dynamics are time-homogeneous. Thus, after
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the system has run long enough, the process becomes a stationary stochastic process. Perfor-
mance evaluation in real-world applications, such as serverless computing platforms, usually
focuses on long-term average behavior rather than short-term startup impacts. The workload
produced by large user populations can often be statistically consistent over sufficiently long
observation periods. The steady-state study offers useful estimates of anticipated concurrency
levels, resource usage, and system capacity requirements under these circumstances.

We study the system under both policies, the late arrival system with delayed access (LAS-
DA) and the early arrival system (EAS). Assume that the time axis is denoted as 0, 1, 2, . . . ,m,
and that it is slotted into equal-length intervals with a slot length of unity. A thorough expla-
nation of these ideas has previously been provided in several places [12, 13]. According to the
LAS-DA policy, arrivals occur at the end of the slot and departures at the start. Service cannot
be provided to newly arrived clients during the same time slot. In the EAS policy, arrivals hap-
pen at the start of the slot, and departures occur at its end. If the server is idle, arrivals may
receive service immediately. Systematic delay discrepancies arise from differences in event order-
ing between LAS-DA and EAS policies. Queueing behavior is further influenced by batch-size
variability, with greater variation leading to longer lineups and delays. The service can begin
immediately in EAS policy, such as digital processors or packet-switched networks. But in the
case of LAS-DA policy processing, decisions occur at slot boundaries, such as synchronized or
gated systems.

3.1. GeoX/Geo/∞ queue with LAS-DA policy

In LAS-DA, prospective arrivals take place in the interval (m−,m), whereas prospective de-
partures occur in the period (m,m+). More precisely, different periods of time during which
events take place are shown in Fig. 3.

m− m

: Arrival epoch
: Departure epoch

m+ m∗ (m+ 1)− (m+ 1)

∗ : Outside observer’s epoch
m : Random epoch

(m+ 1)+

A

D(Departure)

*

A(Arrival)

D

Figure 3: Flowchart of serverless computing.

Define the probability as Pj(m−) = P{j requests in the system at time m−}, j ≥ 0. Re-
lating the system’s states at two successive epochs m− and (m+ 1)−, and using the notation
Pj(m) for Pj(m−), we obtain

P0(m+ 1) =

∞∑
i=0

λ̄Ψ(i|i)Pi(m), (2)

Pj(m+ 1) =

∞∑
i=j

λ̄Ψ(i− j|i)Pi(m) +

∞∑
k=0

j+k−1∑
i=k

λgj−i+kΨ(k|i)Pi(m), j ≥ 1. (3)

Assuming that steady state exists, let Pn = limm→∞ Pn(m), n = 0, 1, . . . and define pgf as
P (z) =

∑∞
j=0 Pjz

j . From (2) and (3), in steady-state we have

P0 =

∞∑
i=0

λ̄Ψ(i|i)Pi, (4)

Pj =

∞∑
i=j

λ̄Ψ(i− j|i)Pi +

∞∑
k=0

j+k−1∑
i=k

λgj−i+kΨ(k|i)Pi, j ≥ 1. (5)
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Multiplying appropriate powers of z in Eqs. (4) and (5), and summing over j, after simplifica-
tion, we have

P (z) =
(
λ̄+ λG(z)

)
P (µ+ µ̄z) , (6)

which is a functional equation. From Eq. (6), using power series expansion around z = 1, we
obtain

P (z) =

∞∑
ℓ=0

hℓ

ℓ!
(z − 1)ℓ, (7)

where hℓ is given by the following recursive formula

h0 = 1, (8)

hℓ =
λ

1− µ̄ℓ

ℓ−1∑
k=0

(
ℓ

k

)
µ̄k hk G(ℓ−k)(1), ℓ ≥ 1, (9)

=
λℓ!

1− µ̄ℓ

ℓ−1∑
k=0

µ̄k hk

k!

∞∑
j=ℓ−k

(
j

ℓ− k

)
gj , ℓ ≥ 1, (10)

and G(n)(1) = dn

dznG(z)|z=1. Calculating the n-th (n = 1, 2, . . .) derivatives on both sides of Eq.
(6) and setting z = 1 yields the recursive formula mentioned above.From Eq. (7), we have

∞∑
ℓ=0

Pℓz
ℓ =

∞∑
ℓ=0

zℓ
∞∑
n=ℓ

(−1)n−ℓ

(
n

ℓ

)
hn

n!
. (11)

Thus,

Pℓ =

∞∑
n=ℓ

(−1)n−ℓ

(
n

ℓ

)
hn

n!
, ℓ ≥ 0. (12)

Remark 1. Taking inter-arrival and service times as exponentially distributed, with mean
arrival and mean service rates γ and η, respectively. Divide the time axis into equal intervals
∆ > 0 such that λ = γ∆, µ = η∆, and ρ = γ∆

η∆ = ρ1, where ∆ is appropriately small. Setting
λ = γ∆, µ = η∆, and taking the limit as ∆ → 0, we have

hℓ = lim
∆→0

γ∆ ℓ!

1− (1− η∆)ℓ

ℓ−1∑
k=0

(1− η∆)k
hk

k!

∞∑
j=ℓ−k

(
j

ℓ− k

)
gj (13)

=
γ(ℓ− 1)!

η

ℓ−1∑
k=0

hk

k!

∞∑
j=ℓ−k

(
j

ℓ− k

)
gj , (14)

substituting hℓ in Eq. (12) it tends to MX/M/∞ queue.

Alternatively, we may solve Eq. (6) recursively, as shown below. Assume H(z) =
(
λ̄+ λG(z)

)
.

Thus,

P (z) = H(z)·P (µ+ µ̄z) ,= H(z)·H (µ+ µ̄z) ·P
(
µ+ µµ̄+ µ̄2z

)
(15)

After the nth recursion, we have

P (z) =H(z) ·H (µ+ µ̄z) . . .H
(
µ+ µµ̄+ µµ̄2 + · · ·+ µµ̄n−1 + µ̄nz

)
· P
(
µ+ µµ̄+ µµ̄2 + · · ·+ µµ̄n + µ̄n+1z

)
.

(16)
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As 0 < µ ≤ 1, so 0 ≤ µ̄ < 1, when n → ∞, in Eq. (16) the last factor is equal to one, because

lim
n→∞

P
(
µ+ µµ̄+ µµ̄2 + · · ·+ µµ̄n + µ̄n+1z

)
= lim

n→∞
P
(
µ
(
1 + µ̄+ µ̄2 + · · ·+ µ̄n

))
= P (1) = 1.

(17)

Therefore, as n → ∞, Eq. (16) reduces to

P (z) = H(z)·H (µ+ µ̄z) · · ·H
(
µ+ µµ̄+ µµ̄2 + · · ·+ µµ̄n−1 + µ̄nz

)
(18)

= H(z)

∞∏
j=1

H

(
j∑

i=1

µµ̄i−1 + µ̄jz

)
= H(z)

∞∏
j=1

H
(
1− µ̄j + µ̄jz

)
. (19)

It is apparent from Eq. (19) that the service rate and the PGF of packet arrival batch size
entirely describe the PGF of the system.

3.1.1. Outside observer’s observation epoch

The outside observer’s observation epoch is more likely to fall in the interval (m+, (m+ 1)−).
Since nothing happens (no arrival and no departure) in this interval, the outside observer’s
distribution P o

n will be equal to the distribution of the number in the system noticed at (m+1)−
and hence P o

n = Pn.

3.2. GeoX/Geo/∞ queue with EAS
As was previously mentioned, the order in which packets arrive and depart around a slot
boundary varies between the two policies. In LAS-DA, prospective arrivals take place in the
period (m−,m), whereas prospective departures occur in the period (m,m+). More precisely,
different periods of time during which events take place are shown in Fig. 4.

m− m

: Arrival epoch
: Departure epoch

m+ m∗ (m+ 1)− (m+ 1)

∗ : Outside observer’s epoch
m : Random epoch

(m+ 1)+

A

D(Departure)

*

A(Arrival)

D

Figure 4: Flowchart of serverless computing.

Qj = λ̄

∞∑
i=j

c(i− j|i)Qi +

∞∑
k=1

∞∑
i=j−k

λgkc(i− j + k|i+ k)Qi, j ≥ 0. (20)

Multiplying Eq. (20) by appropriate powers of z and summing over j, after simplification, we
have

Q(z) =
(
λ̄+ λG(µ+ µ̄z)

)
Q (µ+ µ̄z) , (21)

which is a functional equation that defines the probability generating function Q(z). Using
power series expansion around z = 1 and following the same procedure as in LAS-DA policy,
we obtain from Eq. (21),

Q(z) =

∞∑
ℓ=0

dℓ
ℓ!

(z − 1)ℓ, (22)
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where dℓ is given by the following recursive formula

d0 = 1, (23)

dℓ =
λ

1− µ̄ℓ

ℓ−1∑
k=0

(
ℓ

k

)
µ̄k dk B(ℓ−k)(1), ℓ ≥ 1, (24)

where B(z) = H(µ+ µ̄z). We obtain the alternative solution from Eq. (21) following the same
procedure as in LAS-DA policy as

Q(z) = H(µ+ µ̄z)Q (µ+ µ̄z) =

∞∏
j=1

H
(
1− µ̄j + µ̄jz

)
. (25)

Taking derivative with respect to z and setting z = 1, we obtain Ls = Q(1)(z)|z=1 = λµ̄ḡ
µ .

3.2.1. Outside observer’s observation epoch

At the outside observer’s observation epoch in EAS, let Qo
n be the outside observer’s distribu-

tion, that is, there are n requests in the system. In this instance, the observation epoch of the
external observer is likely to occur between a possible arrival and a possible departure. Since
we already know the system’s number distribution at m, and since there is only one event—an
arrival or no arrival—after m, the Qo

n is determined by

Qo
0 = λ̄Q0, (26)

Qo
k = λ̄Qk + λ

k∑
j=1

gjQk−j , k ≥ 1. (27)

The PGF at outside observer’s observation epoch in EAS using Eq. (25) simplifies as

Qo(z) =
(
λ̄+ λG(z)

)
Q(z) = H(z)

∞∏
j=1

H
(
1− µ̄j + µ̄jz

)
. (28)

Note that Qo(z) = P o(z) = P (z), which implies Qo
n = Pn, meaning that the system size

distribution at the observation epoch of the outside observer is equivalent in both LAS-DA and
EAS. Taking derivative with respect to z and putting z = 1, we have

Lo
s = Qo(1)(z)|z=1 =

λḡ

µ
. (29)

Remark 2. Similar findings can be obtained from the observation epoch probabilities of outside
observers in the EAS policy, even in the limiting case. This leads to the conclusion that both
LAS-DA and EAS queue results tend to be the same in continuous time.

4. Special cases

In this section, we assume various probability distributions for the arrival batch sizes and
derive the system size distribution. The distribution of batch sizes significantly impacts queue
variability and latency when arrivals occur in batches. Geometric, Shifted Poisson, Shifted
Bernoulli, and Shifted Binomial probability distributions are discussed for arrival batch sizes.
Geometric batches. Let us assume the batch size is Geometrically distributed with pmf
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P (X = ℓ) = φ(1−φ)ℓ−1, where 0 < φ < 1. Here, pgf of geometric distribution is G(z) = φz
1−φ̄z ,

and H(z) = λ̄+ λφz
1−φ̄z . Applying this in Eq. (19), we have

P (z) =

(
λ̄+

λφz

1− φ̄z

) ∞∏
j=1

(
λ̄+

λφ
(
1− µ̄j + µ̄jz

)
1− φ̄ (1− µ̄j + µ̄jz)

)
. (30)

Shifted Poisson batches. We consider that the batch arrival is shifted Poisson distributed
with pmf P (X = i) = φi−1e−φ

(i−1)! , i ≥ 1, where φ > 0. Here, G(z) = ze−φ(1−z), and H(z) =

λ̄+ λze−φ(1−z). Applying this in (19), we have

P (z) =
(
λ̄+ λze−φ(1−z)

) ∞∏
j=1

[
λ̄+ λ

(
1− µ̄j + µ̄jz

)
e−φµ̄j(1−z)

]
. (31)

Shifted Bernoulli batches. Let us assume the batch size is a shifted Bernoulli random
variable that takes only two values: P (X = 1) = φ̄ and P (X = 2) = φ. So, G(z) = z(φ̄+ φz),
which gives H(z) = λ̄+ λz(φ̄+ φz). In this case, the PGF is

P (z) =
(
λ̄+ λz(φ̄+ φz)

) ∞∏
j=1

[
1− λµ̄j(1− z)

(
1 + φ− φµ̄j(1− z)

)]
. (32)

Shifted Binomial batches. Let us assume the batch size is shifted binomial random
variable and its pmf is P (X = i) =

(
n

i−1

)
φi−1φ̄n−(i−1), i = 1, 2, . . . , n+1 and G(z) = z(φ̄+φz)n,

which gives H(z) = λ̄+ λz(φ̄+ φz)n. In this case, the pgf is

P (z) =
(
λ̄+ λz(φ̄+ φz)n

) ∞∏
j=1

[
λ̄+ λ

(
1− µ̄j(1− z)

) (
1− φµ̄j(1− z)

)n]
. (33)

Table 1 shows the impact of several probability distributions for the arrival batch sizes on
queueing performance.

Distribution Queueing performance

Geometric High variability; bursty traffic patterns
Shifted Poisson Analytical tractability; moderate randomness;
Shifted Bernoulli Sparse arrivals; low variability
Shifted Binomial Smoother traffic; moderate variability

Table 1: Impact of batch-size distribution on the queueing performance.

The geometric distribution typically exhibits the highest effective burstiness among these
distributions, because it allows unbounded batch sizes, which can increase the expected number
of jobs in the system and lead to larger fluctuations in instantaneous workload. In contrast,
shifted Bernoulli and shifted binomial arrivals produce more regulated traffic patterns. They
are frequently employed as baseline models for systems that are not heavily loaded or sub-
ject to regulations. The shifted Poisson distribution is used due to its memorylessness and
mathematical tractability. As a result, the batch-size distribution selection should account
for anticipated fluctuations in actual workloads, especially in burst-sensitive settings such as
serverless computing systems.

5. Geo/Geo/∞ queue with LAS-DA policy

Taking g1 = 1 and gi = 0,∀i ≥ 2, the above model reduce to Geo/Geo/∞ queue with LAS-DA
policy. Here, the functional equation is

P (z) =
(
λ̄+ λz

)
P (µ+ µ̄z) . (34)
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Taking derivative of Eq. (34) with respect to z and and putting z = 1, we obtain

P (z)(1)|z=1 =

∞∑
n=0

nPn =
λ

µ
= Ls. (35)

Since we have as many servers as requests in the system, the average number of requests in the
queue and the average waiting time in the queue is zero. The sojourn time is the mean service
time, that is, Ws = 1

µ . Applying power series expansion about z = 1, from Eq. (34), we get
Eq. (7), where

dk =
ℓλµ̄k−1

1− µ̄k
dk−1, d0 = 1. (36)

Using recursively the above, we get

dk = k!λk
k−1∏
j=0

µ̄j

1− µ̄j+1
, k ≥ 1, thus,

∞∑
ℓ=0

Pℓz
ℓ =

∞∑
ℓ=0

zℓ

ℓ!

∞∑
k=ℓ

(−1)k−ℓdk
(k − ℓ)!

. (37)

Remark 3. Taking inter-arrival and service times as exponentially distributed, with mean
arrival and mean service rates γ and η, respectively. Divide the time axis into equal intervals
∆ > 0 such that λ = γ∆, µ = η∆, and ρ = γ∆

η∆ = ρ1, where ∆ is appropriately small. Setting
λ = γ∆, µ = η∆, and taking the limit as ∆ → 0, we have

lim
∆→0

dk = k! lim
∆→0

(γ∆)k
k−1∏
j=0

(1− η∆)j

1− (1− η∆)j+1
=

(
γ

η

)k

= ρk1 . (38)

So,
∞∑
ℓ=0

Pℓz
ℓ =

∞∑
ℓ=0

ρℓ1z
ℓ

ℓ!

∞∑
k=ℓ

(−1)k−ℓρk−ℓ
1

(k − ℓ)!
= e−ρ1

∞∑
ℓ=0

(ρ1z)
ℓ

ℓ!
, (39)

which matches with the results of Shortle et al. [24].

5.1. Geo/Geo/∞ queue with EAS policy

Using the same procedure as discussed in previous subsection, we get the following expressions

Q(z) =
(
λ̄+ λ(µ+ µ̄z)

)
Q (µ+ µ̄z) , (40)

which is a functional equation. We obtain the probabilities after simplification

Qj =

∞∑
k=j

(
k

j

)
(−1)k−jλk

k∏
i=1

µ̄i

1− µ̄i
, j ≥ 0. (41)

The PGF of outside observer’s observation epoch is Qo(z) =
(
λ̄+ λz

)
Q(z), and

Qo
j = λ̄

∞∑
k=j

(
k

j

)
(−1)k−jλk

k∏
i=1

µ̄i

1− µ̄i
+

∞∑
k=j−1

(
k

j − 1

)
(−1)k−j+1λk+1

k∏
i=1

µ̄i

1− µ̄i
. (42)

The mean number of tasks in the system at outside observer’s epoch is Lo
s = λ

µ , which is same
as of LAS-DA policy.
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6. Numerical illustrations

In this section, we examine how model parameters affect several probability distributions and
various performance metrics. The numerical experiments demonstrate some of the qualitative
aspects of the system under study and validate the analytical results obtained in the sections
above. The numerical calculations were performed on a PC with an Intel(R) Core(TM) i7-
1165G7 CPU @ 2.80 GHz and 16GB RAM, using Maple 22 software.
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Figure 5: Number of tasks vs probability.
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Figure 6: Number of tasks vs CDF.

Fig. 5 illustrates the probabilities of several requests for various probability distributions
of arrival batch sizes for EAS and LAS-DA policies. As the number of tasks increases, the
probability decreases. For a shifted binomial batch, the probability is lower than for geometric-
and general-distributed batch sizes, as the batch size is small or bounded, resulting in more
compactly focused arrival forms. In contrast, distributions with higher variability, such as the
arbitrary and geometric batch size distributions, exhibit noticeably larger fluctuations. Namely,
large batches can push many jobs into the system simultaneously, increasing the likelihood of
transient workload spikes. Fig. 6 depicts the cumulative distribution function (CDF) of the
number of tasks for various distributions of fixed mean batch size. The CDF increases with
the number of tasks in the system, and eventually attains its maximum value. As expected,
the number of tasks is maximum when the probability distributions of arrival batch sizes are
arbitrary and minimum when the distribution is shifted binomial. Fig. 7 shows the probability
distribution of the number of tasks in the system for both EAS and LAS-DA policies. When
the system is empty, the probability in EAS is greater than in LAS-DA, because arrivals are
admitted immediately before departures. When the system is not idle, EAS provides immediate
service and reduces delays, but it can create sharper peaks in resource demand. Contrary, LAS-
DA imposes a one-slot delay, which can be advantageous for systems that require batching or
synchronization, as it reduces the risk of overload at slot boundaries.

For serverless systems, this difference translates into cost and performance trade-offs. There-
fore, whether the objective is to minimize delay or to stabilize resource consumption under
bursty arrival patterns, managers must align the system selection with operational require-
ments. Fig. 8 presents the number of tasks in the system when the arrival of tasks is single
for various ρ. Here, we consider LAS-DA policy. For fixed ρ, as the number of tasks in the
system increases, the probability decreases. For a fixed number of tasks in the system, the
probability decreases as ρ increases. In addition to the qualitative trends observed in the fig-
ures, several quantitative insights emerge regarding the impact of the batch-size distribution on
system performance. Specifically, the findings emphasize the importance of arrival variability.
For distributions with the same mean batch size, the variance significantly affects the expected
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number of jobs in the system.
Table 2 depicts steady-state probabilities of the GeoX/Geo/∞ queue for various probability

distributions for the arrival batch sizes. The parameters are λ = 0.1, µ = 0.4 and mean batch
size ḡ = 2. In all cases, the probability decreases as the number of tasks increases. Proba-
bilities in the case of an idle server are higher when the arrival batch size follows a Poisson
distribution. The structure of arrival bursts influences system performance in addition to the
mean arrival rate. Large numbers of function instances may be present in serverless computing
systems, even when the average workload remains constant; distributions with greater variance
can significantly raise the peak number of concurrent executions when launched. This obser-
vation underscores the importance of accounting for arrival variability when designing resource
provisioning techniques, scaling policies, and concurrency constraints.

0 1 2 3 4 5

0

0.2

0.4

0.6

P
ro
b
ab

il
it
y

EAS LAS-DA

Figure 7: Distribution of the number of
tasks in the system.

0 2 4 6 8 10
0

0.2

0.4

0.6

Number of tasks in the system

P
ro
b
ab

il
it
y

ρ = 0.25

ρ = 0.50

ρ = 0.75

Figure 8: Distribution of the number of
tasks in the system with single server.

λ = 0.1, µ = 0.4, ḡ = 2

Geometric Shifted Poisson Shifted Binomial
n Pn Qn Pn Qn Pn Qn

0 0.715786 0.795318 0.709933 0.788815 0.709210 0.788012
1 0.167613 0.142052 0.159749 0.145255 0.158627 0.145723
2 0.064377 0.041546 0.077744 0.048202 0.079778 0.049075
3 0.027881 0.013679 0.033875 0.013610 0.034745 0.013471
4 0.012738 0.004743 0.012725 0.003269 0.012435 0.003020
5 0.005994 0.001691 0.004229 0.000691 0.003817 0.000582
10 0.000166 0.000011 0.000005 0.000000 0.000002 0.000000
15 0.000005 0.000000 0.000000 0.000000 0.000000 0.000000
20 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

Sum 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000

Table 2: Steady-state probabilities of the GeoX/Geo/∞ queue.

An effective model for comprehending serverless dynamics is the discrete-time batch-arrival
infinite-server queue. Managers should use it as a forecasting tool to ensure governance, budget
for volatility, and anticipate bursts. This model yields several practical qualitative insights
for managers operating serverless policies. In serverless computing, the infinite server queue
enables instant allocation of compute resources without waiting. Managers must anticipate
cost surges when large batches trigger simultaneous function executions. Due to discrete time
modelling, time-slotted arrivals mirror real-world scheduling and help managers forecast peak-
demand windows and optimize resource allocation. Pay-per-use billing can cause budget shocks
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when large batches arrive in short succession, leading to volatile costs. Infinite servers elimi-
nate queue delays but complicate system observability, and managers must track thousands of
concurrent executions. Large batch arrivals may involve sensitive data; managers must ensure
regulatory compliance during high-volume processing. The infinite-server batch-arrival queue
model captures serverless elasticity; managers should exploit it for bursty workloads. Use pre-
dictive analytics to forecast batch arrival patterns and set budget alerts. Establish monitoring
dashboards for batch arrivals and execution concurrency. Diversify across providers to reduce
lock-in and compliance exposure. Infinite servers can scale beyond budget; managers must set
usage thresholds. Batch arrivals may mask inefficiencies; invest in real-time analytics. Engage
compliance teams early when handling sensitive batch workloads.

7. Conclusions

This paper examines the effectiveness of serverless computing in a discrete-time infinite-server
batch/single-arrival queue, where customers arrive in batches rather than individually. Each
customer is immediately served by one of an infinite number of servers, thereby eliminating
waiting times due to unlimited processing capacity. We obtain state probabilities at various
epochs, along with their corresponding performance measures. We illustrate numerical illus-
trations in the form of graphs and tables. The batch-arrival infinite-server queue paradigm in
a serverless architecture is ideal for managing concurrent workloads on cloud platform. The
discrete-time model offers valuable insights for serverless computing architectures, as it can
capture key aspects of event-driven, auto-scaling systems. Thus, using discrete-time queueing
models to analyze serverless system performance helps predict scalability, optimize resource
allocation, and forecast scalability. In serverless computing platforms, where each incoming
request is executed in a separate execution environment and, in theory, may be served instantly
without waiting in line, this paradigm is particularly pertinent. Naturally, traffic spikes caused
by external factors, such as IoT signals, user surges, and planned jobs, are modelled as batch
arrivals. However, the infinite-server assumption imposes significant restrictions. Infrastructure
limitations may result in implicit resource coupling, and providers typically set concurrency lim-
its at the account or region level. It can be further extended for greater realism and practical
relevance, such as assuming an infinite number of servers, a massive but finite number, leading
to discrete-time GIX/G/c models, or state-dependent service distributions to model initialisa-
tion delays. Generalising discrete-time batch-arrival models along these lines would serve as
a bridge between analytically tractable infinite-server queues and the operating conditions of
contemporary cloud-native and serverless systems.
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