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Abstract: As Artificial Intelligence (AI) is becoming ubiquitous in many applications, serverless
computing is also emerging as a building block for developing cloud-based AI services. Serverless
computing has received much interest because of its simplicity, scalability, and resource efficiency.
However, due to the trade-off with resource efficiency, serverless computing suffers from the cold
start problem, that is, a latency between a request arrival and function execution. The cold start
problem significantly influences the overall response time of workflow that consists of functions
because the cold start may occur in every function within the workflow. Function fusion can be one
of the solutions to mitigate the cold start latency of a workflow. If two functions are fused into a
single function, the cold start of the second function is removed; however, if parallel functions are
fused, the workflow response time can be increased because the parallel functions run sequentially
even if the cold start latency is reduced. This study presents an approach to mitigate the cold start
latency of a workflow using function fusion while considering a parallel run. First, we identify
three latencies that affect response time, present a workflow response time model considering the
latency, and efficiently find a fusion solution that can optimize the response time on the cold start.
Our method shows a response time of 28–86% of the response time of the original workflow in five
workflows.
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1. Introduction
Artificial Intelligence (AI) has become a vital part of our everyday life. Long before
AlphaGo [1] surprised us by beating the top class Go player Se-dol Lee in 2016, AI had
already been applied to help us to improve search results [2], enhance recommendation
quality of online shopping [3], and build human-like robots [4], among other things.
Although machine learning and deep learning are recognized as the key technologies
for the current advancements made in AI, other technologies such as big data and highperformance computing could also play a crucial role.
With AI set to become a “must-be-included” technology in every application, we need
AI computing infrastructure that provides environments for training models, managing
data, offering an inferencing interface, etc. MLOps, extended from DevOps, is a recent
trend that includes practices of deploying and managing machine learning models. MLOps
aims to provide machine learning models in production level in automated and reliable
manner [5]. Similar to DevOps, enabling MLOps requires many tools and platforms that
are operated in a cloud environment. Serverless computing is yet another cloud-based
software platform architecture that enhances AI services.
Serverless computing is a novel cloud-based code-execution paradigm that is executed
in an on-demand fashion by a cloud provider. Because of its flexible use of computing
resources and auto-scaling capability, it is well suited for AI services (mostly for inferencing)
as well as edge computing applications that utilize AI (for inferencing, collecting data,
off-loading intensive computations, etc.) In serverless computing, a function does not

Sensors 2021, 21, 8416. https://doi.org/10.3390/s21248416

https://www.mdpi.com/journal/sensors

Sensors 2021, 21, 8416

2 of 21

occupy any resource when it is idle, and the required resource will be allocated instantly
by the cloud provider. After the execution, the resource will be reclaimed. In contrast,
during times of high demand (i.e., many request to the function), the serverless platform
replicates the function object and runs them concurrently. Thus, applications can be run
in a cost-effective (i.e., charging based on the time of running), flexible, and scalable (i.e.,
auto-scaling) manner on serverless platforms.
However, there are downsides too. The first one is execution time limits. If serverless
computing is used on a public cloud instead of on-premises platform, a function has a
maximum execution time limit. It is because the cloud provider would provide a transient
resource such as spot instances in Amazon Web Service (AWS) for serverless functions. The
second is a cold start problem [6,7], a trade-off with on-demand resource usage pattern. The
cold start problem means an overhead latency to provision when a function is requested
for the first time. As mentioned above, an idle function does not reserve any resource,
and resource provisioning starts when the first request arrives. Hence, there is a latency
between request arrival and actual function execution initiation. This latency is called cold
start latency.
As AI services or applications, especially for edge computing, do not consist of a
single function but rather a workflow, the cold start problem can cause serious performance degradations. The cold start latency of each function call from a workflow will
be accumulated along the function chain. This accumulated cold start latency becomes
severe when the function chain is long. For example, suppose there are five functions in the
workflow in a linear chain. The function execution time is 50 ms, the cold start latency is
100 ms in this example. As shown in Figure 1, when the first request triggers this workflow,
the response time is 750 ms as there are five cold start latencies. The response time of the
second request to the chain will be reduced to 250 ms because there is no cold start from
now on. According to Daw et al., 2020 [8], the cold start latency can account for 46% of
the workflow response time if the workflow consists of 5 s functions and up to 90% of the
workflow response time if the workflow consists of 500 ms functions.

Figure 1. A function chain with five 50 ms functions. If the cold start latency is assumed as 100 ms,
the response time is 750 ms for the first time

As the cold start latency is a critical problem that hinders the wider use of application
platforms, many studies have been conducted to address it. One early but notable study
focused on reducing the cold start latency of a workflow is Daw et al. [8], wherein
the authors proposed a speculative function preloading method called Xanadu. In the
proposed method, a preloading schedule (i.e., when and what function should be loaded)
is calculated using the profile data with a function execution time, warm start latency,
and branch probability. The experiment results of the study showed that Xanadu could
reduce the cold start latency by 20% compared with Knative, while minimizing resource
over-provisioning caused by preloading simultaneously. However, to apply Xanadu, a
modification should be made to a serverless platform and re-deployed. Hence, a user
who uses a commercial serverless platform (e.g., Lambda of AWS [9]) cannot take full
advantage of Xanadu. Function fusion [10] is another proposed scheme that can be applied
to serverless services/applications on the public cloud. Function fusion is one of the
function composition methods, and it fuses two or more functions into a single fused
function. Fusion can reduce cold start latency, as there is only one cold start latency
for loading a fused function (i.e., a similar effect to preloading functions). One of the
most popular function fusion methods is Costless [11], in which Elgamal et al. proposed
a method that can exploit memory configuration and IoT devices for fusing functions.
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However, it can handle only a sequential workflow, which implies that it cannot consider a
branch in a workflow and parallel or concurrent execution of a function.
Fusing a workflow with a possible parallel or concurrent execution of functions must
be addressed carefully, as function fusion may increase the execution time, which, in turn,
may result in significant performance degradation. For example, suppose that there is a
workflow with four functions shown in Figure 2. The two functions in the middle of the
workflow can be executed concurrently, the execution time of each function 1000 ms and
the cold start latency is 100 ms. Without a fusion, the response time is 3300 ms (cold start
latency of 300 ms + an execution time of 3000 ms), and the response time will be increased
to 4100 ms after fusion (cold start latency 100 ms + execution time 4000 ms). Although
the cold start latency is reduced, the overall performance is decreased due to the loss of
parallelism.

Figure 2. Workflow in this figure has two functions that can be run in parallel. Let the cold start
latency be 100 ms and the execution time of functions be 1000 ms. In this case, if all functions in
the workflow are fused into a single function, the workflow response time is increased because the
functions B and C have to be run in sequence.

To address the branching and parallel execution issues of the workflow execution
in serverless environment, we propose a scheme that reduces the cold start latency of a
workflow that contains a branch and a possible parallelism with function fusion technique.
The main contributions of this study are summarized as follows:
•
•
•

•

We propose a model of the workflow response time in the cold start and the warm
start modes as well as in sequential and parallel runs (Section 3).
We propose a function fusion scheme that handles branch and parallel execution
fusing (Section 4).
We present a practical fusion automation process for stateless functions. Even when
implemented for AWS Lambda, the proposed fusion automation process can be easily
adapted for other serverless platforms (Section 4).
We evaluated the performance of the proposed method by conducting thorough
evaluations on real cloud environment (i.e., AWS Lambda).

To the best of our knowledge, this study is the first attempt to reduce workflow cold start
latency through function fusion.
The rest of the paper is organized as follows. We present the background of the topic
covered in this study in Section 2. In Section 3, we present the formulation of the problem
and modeling. The proposed function fusion scheme is described in Section 4. In Section 5,
experiments and analysis of the results are presented. In Section 6, some related works
are explained. Finally, in Section 7, we present our conclusions and directions for future
research.
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2. Background and Motivation
2.1. Composing a Workflow Using Function Fusion
A function, a procedure, or a method in serverless computing is a module that contains
a set of instructions to achieve a task. These independent functions form a workflow for
more complex tasks. A workflow can be formed using existing functions or by adding
functions from a library. With this code reusability as well as task-oriented coding features
(i.e., not worrying about systematic issues such as fault tolerance, load balancing, handling
HTTP/S requests), a service or an application in serverless environment can be developed
with high productivity. There are several methods for functions to work together. Baldini
et al., 2017 [10] identified three methods: composition by reflective invocation, composition
by fusion, and composition by triggering. Reflective invocation uses API provided by the
serverless platform to invoke sub-functions. In the triggering method, a function emits an
event to invoke a sub-function. The difference between the two methods is that reflective
invocation is synchronous and triggering is asynchronous.
Function fusion is a function composition method that fuses two or more functions
into a single function. Fusion has advantages compared with reflection and triggering.
As noted in the Introduction section, we can reduce cold start latency by using function
fusion because loading a fused function shows a similar effect to function preloading.
Furthermore, there is no need to use a scheduler function that is used in the reflective
invocation method, where a scheduler function is required to handle requests and responses
of sub-functions. The scheduler function runs concurrently with sub-functions. Thus, one
has to pay for executions of the scheduler function as well. This duplicate charging is called
the double-billing problem [10]. Another advantage of using function fusion is that there is
no need to modify the code. In the triggering method, a function should be modified to
emit an appropriate event to make a chain by event triggering. However, it is not necessary
in the case of function fusion, as source functions are not touched (i.e., altered) to build a
fused function.
Although fusion has some advantages over other methods, there are limitations to
using function fusion. As noted, there is a limitation on the maximum execution time
in serverless platforms of public clouds. Thus, if the total sum of the execution time of
source functions exceeds the maximum execution time, the functions should not be fused.
However, we do not have to consider the maximum memory limitation because each source
function satisfies the maximum memory limitation; as these functions are executed in a
sequence in the fused function, the fused function will not exceed the maximum memory
limitation. Someone may point that a function fusion increases the cost of execution as
it requires more memory. When two functions with different memory requirements are
fused, the memory requirements of the fused function must be set to match the demands
of the larger of the two functions. This causes an increase in the cost. Although this is a
concern, the cost factor in function fusion is outside the scope of this study because the cost
model is highly dependent on commercial serverless platforms. In this study, we instead
focus on correct and efficient execution of a given workflow.
2.2. Cold Start and Warm Start
The cold start problem in serverless computing is the main obstacle we tackle in this
study. Suppose that a user uploads a new function and the first request to the function
arrived after some time. As the serverless platform does not allocate any resource to idle
functions, it will allocate required resources upon the request and deploy a new function
instance to handle the request. Thus, there is an unavoidable delay between the request
arrival and the function execution. This problem in the function invocation is called cold
start. In contrast, the serverless platform can handle requests instantly from the second
request as far as the platform holds resources for the function instance. This type of
invocations is called warm start.
In some definitions, cold start latency refers to the execution delay due to launching a
new function instance because there are no ready resources [12,13]. Alternatively, in some
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other definitions, cold start latency includes other delays such as resource provisioning,
networking delays, user-space setup, and orchestration delays [8]. In this study, we follow
the first definition of cold start latency. That is, the cold start latency is the time difference
between the execution delay on the cold start and the execution delay on the warm start.
The degree of cold start (i.e., how severe it is) is affected by the provisioning environment, startup process, code language, allocated memory size, and code size [8,14]. If
a user is not allowed to configure the serverless platform (e.g., a commercial serverless),
environment provisioning and process startup are not in the user’s hands. Changing the
code is the main way to change the degree of cold start [14]. However, it is hard to change
the code language in practice if the language has already been selected. If we allocate more
memory to the function, we will have shorter cold start latency in the linear fashion (i.e.,
more memory will make latency shorter). However, more memory allocation leads to an
increase in cost, and thus, it is not a feasible solution. The code size of a function can affect
its cold start latency. Surprisingly, a large code shows a shorter latency. However, the
reduction in latency is merely noticeable. For example, a 185 KB function shows a 10.56 ms
cold start latency, and a 14.3 MB function shows a cold start latency of 6.47 ms. If the code
size is increased by 80 times, the cold start latency is decreased by only 4 ms; therefore, the
amount of cold start latency that can be practically reduced by increasing the code size
is not significant. This is why the cold start problem is more severe for a function with a
short execution time. According to Du et al. (2020), cold start latency can take up to 70% of
a function’s lifetime [15]. For these reasons, we consider cold start latency as a constant
value regardless of functions.
A cold start can still occur for the second request. Serverless platforms reclaim
resources of idle-state functions (i.e., functions that do not receive any request during some
period) to increase resource utilization. In AWS Lambda, it is 10 min, and it is 20 min
for Microsoft’s Azure Function [8]. If a request arrives slower than this time frame, the
requested function experiences a cold start for every request. Further, even if a function
is requested frequently enough, a cold start can still occur because of auto-scaling. When
the request rate increases, a serverless platform automatically deploys a new copy of the
requested function instance. As this will be the first request from the perspective of the
copy, it will result in a cold start.
3. Problem Modeling
In this section, we describe our problem modeling and the several elements of our
proposed algorithm. For the cold start mitigating scheme, we define a model to calculate
the cold start latency of a given workflow and design an algorithm to find near-optimal
fusion decisions to fuse for a workflow. All symbols used in this section are summarized in
Table 1
3.1. Graph Representation of a Workflow
We model the workflow as a nested directed acyclic graph where the vertex represents
a workflow item, and the directed edge shows call dependency. Some workflow items
(fan-outs and conditional branches, explained below) have their own sub-workflow in our
workflow model. Hence, the workflow can appear nested, and accordingly, the workflow
graph is also represented in a nested shape. As each item has only one entry point and one
endpoint, the overall appearance of the graph is represented linearly. In the case of fan-outs
and the conditional branches, there is another linear graph inside the vertex. Figure 3
shows a nested DAG representation of a workflow.
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Table 1. Symbols used in this paper.
Symbol

Meaning

Tf

execution time of function f

G = (V, E)

a workflow represented in DAG

T (G)

response time of workflow G

ro

the number of requests to a fan-out o

po

the maximum concurrency of a fan-out o

Go

the sub-workflow of a fan-out o

i
prcb
i
Gcb

the branch probability of the ith branch of a conditional branch cb

Lcold

the cold start latency

Linvo

the function invocation delay of the workflow system

L f an

the fan-out delay to initiate a fan-out of the workflow system

n(cb)

the number of sub-workflow of a conditional branch cb

the ith sub-workflow of a conditional branch cb

Our technique targets workflows in the form of a pipeline so that fusing can be applied
to all functions of the workflow. A workflow should satisfy the following constraints:
•
•

•
•
•

There can be only a single starting point as well as a single endpoint in the workflow.
The split execution of the workflow that will end at different points is not allowed. In
addition, two execution flows that start from different points and meet in the middle
are not allowed either. Hence there is one source vertex and one sink vertex in a graph.
Reversing the workflow is not allowed.
Only parallel execution of the same structure (fan-out) is possible. If parallel execution
of different structures is required, fan-out with a conditional branch should be used.
Each branch of a conditional branch should be joined at the same point.
Figure 4 shows examples of supported as well as unsupported workflows.

Figure 3. Example to show the nested and directed acyclic graph representation. A fan-out or a
conditional branch has its sub-workflow, and its sub-workflow is inside of the vertex representing it.
Hence, the overall workflow graph is linear, has only one source vertex, and one sink vertex.
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Figure 4. Upper five workflows are examples of unsupported workflows. The title of red boxes show
why they are unsupported. Lower four workflow are supported workflows.

3.2. Workflow Items
We identify three workflow items to compose a workflow.
3.2.1. Function
A function is an action in serverless computing. As the implementation of the application logic, the user should provide functions in the form of source code to the serverless
platform. This study assumes that all functions in each workflow are stateless (requiring
all information to process as parameters and not saving any operational data) to fuse them
automatically. Our assumption of stateless function is not exaggerated as data on work
will be discarded after execution if the logic stores the data in persistent storage. Our
method involves the execution time T f of each function in a workflow. This execution time
includes only code running time, and not invocation latency and cold start latency. We also
assume that the execution time of the function is small enough to fuse functions to make
the condition suited for IoT, considering in the IoT field, workflows are often composed of
functions that have short execution time [16].
3.2.2. Fan-Out
The fan-out (also called dynamic parallelism or map) structure [17] is typically used
to process list data. Fan-out applies the same process to each element of the given list. The
process is described as a sub-workflow of the fan-out. It looks similar to iteration (for, do,
while), but it is different in that the fan-out processes each element independently and runs
the sub-workflow concurrently. Fan-out executes its sub-workflow (i.e., functions that will
run concurrently), collects the result of each execution, and finally passes the result as a
list to the next workflow item. This structure is implemented in AWS step function [18], in
Azure Durable Functions [19], in OpenWhisk Composer, and in Serverless Workflow [20],
which is a vendor-neutral and open-source serverless workflow composer system.
Because of an auto-scaling feature of Serverless, each execution is able to be executed
in a parallel fashion. The serverless platform replicates the fan-out item and obtains as
many numbers of them as asked by an input. To enable the fan-out while we consider the
serverless platform’s configuration on the cloud provider, we have to make a decision on
the degree of parallelism. In practice, there is a limitation for the degree of parallelism. For
example, the AWS step function does not guarantee more than 40 concurrent executions
of a fan-out; therefore, we need to define the maximum concurrency in our workflow
fusion based on the limitation of a platform as well as the requested a concurrency (input).
The number of requests for a fan-out o (ro ) indicates the number of elements of the list
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given to the fan-out o as iteration target. The maximum concurrency of a fan-out o (po )
represents the appropriate number of executions of the fan-out o under the circumstance.
The execution of the fan-out is bound and must be less than the number of requests. Thus,
it is po ≤ ro . The execution time of the fan-out is affected by the maximum concurrency.
Figure 5 shows the execution pattern according to the maximum concurrency.

Figure 5. Execution pattern of the fan-out according to the maximum concurrency. The length of the
input list is 4. (A) When maximum concurrency is the same as the number of requests, all processes
can be run simultaneously. (B) If the maximum concurrency is half of the number of the requests,
the execution time is twice that of (A). (C) If the maximum concurrency is 1, it is the same as a
sequential run.

3.2.3. Conditional Branch
At the conditional branch, the direction of the workflow is divided into at least two
different paths (i.e., sub-workflow as a branch). In our workflow model, each branch must
be joined at the same point. Hence, the branch is similar to an if block. This requirement is
necessary to create a fused function by an if block when the condition branch is fused. The
sub-workflow of a branch refers to workflow item chains that exist, from the beginning
of the branch, to where branches that have split from the same conditions meet. Figure 6
presents an example that shows where a sub-workflow of a branch starts from and reaches.
Conditional branches have several possible execution paths with different execution
times. If a conditional branch is fused, the fused function will show the execution time
within a range according to the execution flow inside the function. One of the ways to
deal with condition branches in a workflow is to determine the most likely path (MLP)
as the main path, which has the highest probability to be executed among all possible
paths from start to end. The processing on a workflow such as optimization or calculating
response time is performed based on the MLP. Xanadu [8] uses this concept to determine
what function should be loaded after a conditional branch point. Another way is that a
conditional branch is dealt with as an expected value. In this way, a value such as execution
time or cost of a conditional branch is calculated as an expected value. Lin et al. [21] used
this method to model performance and the cost of a workflow that contained branches.
We calculated the expected value when calculating the conditional branch information.
Each branch of a conditional branch has a branch probability for calculating the expected
execution time of the conditional branch. Branch probability of the ith sub-workflow of a
i ) is obtained from the profiling data, for which the following
conditional branch cb (prcb
should be met:
n(cb)

∑

i
prcb
=1

i =1

where n(cb) is the number of branch in conditional branch cb.
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Figure 6. Example to show the area of each sub-flow. Sub-flow has its own sub-workflow.

3.3. Latency
In this section, we identify three types of latencies in the workflow system: cold start,
invocation, and fan-out. If these latencies are ignored or included in the execution time
of functions, the estimated workflow response time can be inaccurate when the workflow
consists of a long chain of functions or has fused functions. Hence, our workflow response
time model contains the three latencies to estimate more precisely in such cases.
•

•

•

Cold Start latency Lcold : We define the cold start latency as a response time difference of
a single function between cold start and warm start. As mentioned in the Background
section, we assume that the cold start latency is the same for all functions. This latency
is removed at a warm start or at the time of fusing.
Invocation latency Linvo : In a workflow, there is a latency to call the following function
because the serverless platform encodes the result of the previous function to general
data format (usually JSON) and decodes it to call the following function. We define
this latency as the difference between the end time of the previous function and the
start time of the following function at the warm start mode. This latency will appear
not only at the cold start but also at the warm start. However, fusing can remove it
because function calls are performed directly in a thread with almost zero delays.
Fan-out latency L f an : When an execution flow reaches a fan-out, a time is needed to
split the list data into each element and initiate the sub-workflow of the fan-out. We
call this latency the fan-out latency and define it as the difference between the end
time of the previous workflow item and the earliest start time among all instances of
the sub-workflow of the fan-out. We assume that the fan-out latency is the same for
all fan-outs. This latency will appear at the cold start and at the warm start but can be
removed by fusion.

3.4. Workflow Response Time Model
In this section, we formulate the response time of a given workflow when a cold start
occurs. Let G = (V, E) be the workflow represented as a DAG, where V is a set of workflow
items (functions, fan-outs, conditional branches), and E is a set of call dependencies. The
response time of workflow G at cold start is a recursive function:



 Lcold + Linvo + Tv , if v is a function
T ( G = (V, E)) =

∑  L f an + prvv T (Gv ),

v ∈V 


n(v)
∑ i =1

prvi T ( Gvi ),

if v is a fan-out

if v is a conditional branch

(1)
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where Gv is a sub-workflow of a fan-out v and Gvi is the ith sub-workflow of a conditional
branch v. where Gv is the a sub-workflow of a fan-out v, and Gvi is the ith sub-workflow
of a conditional branch v. The response time at the warm start can be obtained by setting
Lcold = 0.
Hence, our goal is to reduce the workflow response time in the cold start mode by
removing Lcold using function fusion while preventing the workflow response time (T)
from increasing.
4. Mitigating Cold Start Problem with Function Fusion by Considering Conditional
Branch Selection and Parallelism
The fusion of two consecutive functions in a workflow prevents the cold start latency
of the second function. However, when a fan-out is fused, the execution time of the fan-out
increases because parallelism is also sacrificed. If the increased execution time from the
loss of parallelism is longer than the removed cold start latency, the fusion will worsen the
problem. The proposed scheme determines the optimal fusion strategy. To predict the total
workflow time and to determine whether the function fusion is effective in reducing the
total workflow execution time, it traverses the workflow, fuses two consecutive workflow
items and compares the results.
4.1. Fusion Decision on a Function
Let f a and f b be two successive functions in a given workflow, where f a is followed by
f b . Using the workflow response time model defined in Equation (1), ( Lcold + Linvo + T f a )
and ( Lcold + Linvo + T f b ) are the response time of the two functions before the fusion,
respectively. When these two functions are fused, the cold start and invocation latencies
of function b are removed. Thus, our scheme will fuse any two successive functions to
remove one cold start as long as the response time does not increase.
After fusing, two functions become a new function f new , and we can replace f a and f b
with f new , whose execution time is T f new = T f a + T f b .
4.2. Decision for a Fusion on a Fan-Out
Let f be a function and o be a fan-out, where f is followed by o. Here, ro is the
number of requests, po is the maximum concurrency, and sub-workflow Go is the subworkflow of fan-out o. The sub-workflow of a fan-out can be executed simultaneously with
the maximum concurrency. In other words, because the execution time can overlap, the
execution time of the fan-out is calculated by dividing the maximum concurrency from
the sum of the response times of the sub-workflows of the fan-out and adding the fan-out
latency. The response time of the workflow before fusion is expressed as follows:

( Lcold + Linvo + T f ) + ( L f an +

ro
T ( Go ))
po

(2)

If the fan-out is fused with the previous function, the fan-out latency is removed, but
it loses its parallelism. Hence, Equation (2) is changed to
Lcold + Linvo + ( T f + ro T

f used

Go

)

(3)

where T f used is the execution time of a fused function that fuses all functions in the subGo
workflow Go of the fan-out o. When a fan-out is fused, the sub-workflow of the fan-out
should also be fused. As noted, a fan-out will be fused if the gain of removing latency is
greater than the loss of increased execution time of the sub-workflow of the fan-out in our
scheme. Based on Equation (4), the proposed scheme will decide on fan-out fusion.
The Equation (2) > The Equation (3)
L f an +

ro
T ( Go ) > ro T f used
Go
po

(4)
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If Equation (4) is true, then the fan-out is fused with the previous function, and function f
and fan-out o are replaced by a new function f new in workflow G. The execution time of
the new function is Tnew = T f + ro ∑ f 0 ∈VGo T f 0 because T f used = ∑ f 0 ∈VGo T f 0
Go
If a fan-out is a single-depth fan-out (that is, the sub-workflow of the fan-out contains
only functions, not a fan-out or conditional branch.), the response time of the sub-workflow
of fan-out T ( Go ) can be represented as
T ( Go = (VGo , EGo )) =

∑

( Lcold + Linvo + T f ).

f ∈VGo

Hence, Equation (4) for a single-depth fan-out is
L f an +

ro
po

∑
0

( Linvo + Lcold ) >

f ∈VGo

r o ( p o − 1)
po

∑

Tf 0 .

f 0 ∈VGo

If the above is true, fuse the single-depth fan-out is fused.
If the sub-workflow of the fan-out (upper fan-out) contains other fan-outs (inner fanout) or conditional branches (inner conditional branch), our scheme first tries to fuse these
inner fan-outs and conditional branches and replace them with fused functions if possible.
If all inner fan-outs and conditional branches in the sub-workflow of the upper fan-out
can be fused, the sub-workflow of the upper fan-out becomes a linear function chain, that
is, the upper fan-out is now a single-depth fan-out. Conversely, if any inner fan-out or
conditional branch in the sub-workflow of the upper fan-out cannot be fused, the upper
fan-out will not be fused. If the upper fan-out is fused, inner fan-outs and conditional
branches also should be fused with the upper fan-out. Hence, the upper fan-out is not
fused because an inner fan-out or conditional branch in the sub-workflow of the upper
fan-out has been determined as one that should not be fused. In our scheme, this fusion
decision process will be applied recursively.
4.3. Fusion Decision on a Conditional Branch
Let f be a function and cb a conditional branch, where f is followed by cb. The
conditional branch cb has information about sub-workflows of its branches and the branch
probabilities (i.e., probabilities for each branching direction). The sub-workflow of the ith
i , and the branch probability of the ith
branch of the conditional branch cb is denoted as Gcb
i .
branch is denoted as prcb
Similar to the fan-out decision process, our scheme first attempts to fuse the subworkflow of each branch. If a sub-workflow of a branch has a fan-out or conditional branch,
this process is applied recursively. Subsequently, if all sub-workflows of the conditional
branch can be fused, the conditional branch is fused with the previous function because the
sub-workflows of the condition branch are the same as the serial function chain because
only one is executed at a time point. After fusion, the scheme replaces the conditional
branch and its sub-workflows with a new function in workflow G. With the replacement
(i.e., after branch fusion), the execution time of the new function is determined by the
expected time formula:
n(cb)

Tnew = T f +

∑

i =1

i
prcb
T(Gi

cb )

f used

where T(Gi ) f used is the execution time of a fused function that is from ith sub-workflow of
cb
the conditional branch cb.
4.4. The Overall Process
Algorithm 1 shows the overall process of our optimal fusion strategy. The algorithm
requires workflow information as an input and the primary return value is a set of fusion
sets. A fusion set is a set of functions that has to be fused into a single function. This
algorithm starts from the first workflow item of the given workflow and determines fusion
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of the current workflow item with the previous item. After a decision on the current item
is reached, it moves on to the next workflow item until it reaches the last workflow item
The Boolean return value “fusible” is used for the recursive call. The false value of
fusible represents the fact that there is a non-fusible workflow item in a given workflow.
Thus, the upper workflow item will not be fused. If there is a non-fusible function in the
middle, the algorithm makes a new fusion set for the next functions.
4.5. Writing a Fused Function
In this section, we illustrate the coding process of the fused function. We use the
process in our evaluation prototype for fusion automation, for which we made several
assumptions in addition to our overall workflow assumption.
•
•
•

All source functions are stateless. They do not store any state data for future use.
The input and output of a source function are a single object that may contain multiple properties.
If a source function contains an asynchronous call, it will be blocked until resolved.

In our scheme, a mediator function is required to fuse two functions into a single
fused function. A mediator function coordinates source functions and passes input and
output data between source functions. For this, the mediator function needs to load source
functions to call. One of the ways to load a module is to use the module system provided
by the programming language. Many programming languages support module systems
for code reusability, for example, “require” keyword in commonJS and “import” keyword
in python. In the module system, one module can use the other modules without invading
their namespace or scope. A function can be a module, and thus, the mediator call sources
functions as modules. The module system can separate each source function into its own
scope. Hence, no collision occurs even if the two functions depend on different versions of
the same module.
The mediator function receives the event input from the workflow as its function
parameter. Then it passes the event to the first source function and delivers the result to
the second source function. The mediator function returns the result of the last source
function as its result. If two successive functions have different message structures, the
mediator function transforms the message format for functions. Figure 7A depicts a fused
function example written in JavaScript. In this example, two function fa and fb are in a line.
The function named main is the fused function. Function main gives its input to the first
source function fa. At line number 7, the property name of the out of fa is changed from
“number” to “digit” because the next function fb requires “digit.” For the last, the function
main returns the output of the function fb.
When a mediator function includes a fan-out structure, the fan-out is transformed to
the for-each block provided by its programming language. It iterates the sub-workflow of
the fan-out and collects each result of the sub-workflow as an array. For example, JavaScript
provides for-of keyword for for-each patten. Figure 7B shows the fusion example of a
fan-out. In this example for-of block of JavaScript is used to handle the iteration. Before the
iteration starts, an array is created to save the result of each iteration. Each iteration saves
the result at the last (line 10). Finally, the array becomes the result of the fan-out (line 12).
When a mediator function includes a conditional branch structure, the conditional
branch is transformed to an if block provided by its programming language. Only one
sub-workflow is executed according to the conditions, and the results are delivered to the
following function. Figure 7C shows a fused function example written in JavaScript.
We implemented the fusion automation process based on this scheme using TypeScript
on Node.js v14.0.0. The fusion automation can support only AWS Lambda format, but it
can be easily can easily be extended to other serverless platforms. We define a format based
on JSON/YAML to describe a workflow. Figure 8 is an example of workflow specification.
The source codes of the algorithms and a document of JSON schema for the workflow
specification can be used in our Github repository (https://github.com/henry174Ajou/
AWS-Lambda-Fusion-Automation (Accessed: 15 December 2021) ).
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Figure 7. Example to show how to write fused function in JavaScript. (A) shows the case of two
functions. (B) shows the case of a fan-out. (C) shows the case of a conditional branch.

Figure 8. Example to show the workflow specification written by YAML. This workflow specification
contains message transformation steps.

5. Experiment
5.1. Experimental Setting
We used AWS Lambda for the serverless computing platform and AWS step function
for a workflow system to evaluate our scheme. We configure AWS Lambda as a function
with the following common properties:
•
•
•

Memory: 128 MB.
Region: ap-northeast-2.
Runtime: Node.js 14.x.

We implemented our scheme for optimal function fusion strategy algorithm (Algorithm 1) on Node.js v14.0.0 using TypeScript. Unfortunately, there is no representative
workflow for performance evaluation in serverless computing to the best of our knowledge,
because workflows in serverless computing is a relatively fresh research topic. Instead, we
prepared three example workflows for verification and two real-world scenario workflows.
The source functions and the work flow structure can be found in our Github repository
( https://github.com/henry174Ajou/AWS-Lambda-Fusion-Automation (Accessed: 15
December 2021)).
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Algorithm 1: RAOFS: The Recursive Algorithm for Optimal Fusion Strategy

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Input: G = (V, E)
Output: ordered set of fusion set ( f ss) and whether this workflow can be fused ( f usible)
f ss ← ∅ /* ordered set, Acronyms for set of fusion set
f s ← ∅ /* set of functions, Acronyms for fusion set
f usible ← true
v ← v ∈ V where (start node, v) ∈ E
while v is not end node do
if v is a function then
f s ← f s ∪ {v}
if v is a fan-out then
swr ← RAOFS(Gv ) /* Acronyms for sub-workflow result
if swr. f usible = false then
/* no fusion
f usible ← false
f sList ← f sList ∪ { f s} ∪ swr. f ss
fs ← ∅

17
18

else

16

/* no fusion
f usible ← false
f ss ← f ss ∪ { f s} ∪ swr. f ss
fs ← ∅

19
20
21

24
25
26
27
28

if v is a conditional branch then
subFssSet ← ∅
a f f ← = true /* Acronyms for all fusible flag
for i = 0 to n(v) do
swr ← = RAOFS(Gvi )
if swr. f usible = false then
a f f ← false

33

if a f f = true then
/* fusion
for f ss0 ∈ subFssSet do
for f s0 ∈ f ss0 do
f s ← f s ∪ { f s0 }

34

else

31
32

38

/* no fusion
f usible ← false
f ss ← f ss ∪ { f s}
for f ss0 ∈ subFssSet do
f ss ← f ss ∪ f ss0

39

fs ← ∅

35
36
37

40
41
42

*/

*/

*/

subFssSet ← subFssSet ∪ {swr. f ss}

29
30

*/

r ( p −1)

if L f an > v pvv
∑ f s0 ∈swr. f ss ∑ f ∈ f s0 ( Lcold + Linvo + T f ) then
/* fusion
for f s0 ∈ swr. f ss do
f s ← f s ∪ f s0

23

*/

else

15

22

*/
*/

*/

*/

v ← v0 ∈ V where (v, v0 ) ∈ E
f ss ← f ss ∪ { f s}
return fss, fusible

5.2. Example Workflows
We prepare three example workflows to verify that our model and algorithm makes
different fusion decisions on cases. Figure 9A–F show the example workflows and fusion
selection of our proposed scheme. The execution time of functions whose execution time is
not specified is 2 ms.
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Figure 9. Three workflows to show that different decisions take place in some cases and two
workflows that have a purpose for real-world scenario. (A,C,E,G,I) are original workflows that are
not fused, (B,D,F,H,J) are workflows fused by our method.
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Sequence workflow of Figure 9A is prepared to verify the effectiveness of our proposed
scheme for sequence of function executions. Sequence workflow receives a number array
as an input and returns the average value of the positive values in the input array except
for negative values. Fan-out workflow (Figure 9C) receives a number array and returns
the normalized number array except for the negative values. We prepare this workflow to
verify the effectiveness of our proposed scheme for repetitive function executions. With
the fan-out workflow, we evaluate the benefits of concurrent execution of functions such
as ‘for clause’ in function fusion. We design the workflow to have both (1) the part where
function fusion does not do any harm (i.e., no increased response time) and (2) the part
where function fusion does harm (i.e., no increased response time) to the performance. As
represented in Figure 9E, the last example workflow receives a number array. If all elements
are positive, we square each element; otherwise, we multiply two to the absolute of each
element. If the sum of the array is larger than 100 after the processing of each element,
each element is processed by the function whose execution time is 50 ms; otherwise, each
element is processed by the function whose execution time is 500 ms. Conditional branch
workflow is prepared to verify the effectiveness and correctness of our proposed scheme
for conditional branch such as ’if clause’ in function fusion. We design the conditional
branch workflow to have both (1) the fused branch without the increase in response time,
and (2) the fused branch with the increase in response time. The fusion selection of our
method is depicted in Figure 9B,D,F).
Figure 10 illustrates the experimental results of our example workflows; “no-fusion”
is the original workflows, “all-fusion” is the result when all functions of the workflow
are fused into a single function, and “our method” is the result when functions are fused
according to the optimal fusion strategy of our proposed scheme. We yield five cold start
requests and five warm start requests to check the cold start latency. AWS Lambda reclaims
the allocated resources of functions unless there is any request in 10 min (as discussed
in Section 2.2). For our experiment, we invoked the workflow with a 15-minute interval,
which is the announced 10 min intervals plus additional 5 min for safety, to make sure
that a cold start will occur. Additionally, we checked the log provided by AWS Lambda to
make sure whether the cold start occurred or not after invocation.
All three experimental results of the example workflow show a similar tendency. Using
the proposed method, we can reduce the overall workflow response time with reduced cold
start latency compared with the all-fusion method and the original workflows. Although
the all-fusion method showed a shorter cold start latency than our scheme in fan-out
workflow and condition workflow, the workflow response time of all-fusion is increased
due to the loss of parallelism. Our scheme also reduces the response time on the warm
start because the invocation delay is removed for the fused function.

Figure 10. Workflow response time on the cold start and the warm start of the original workflow, all
functions fused workflow, and workflow fused by our method (in example workflows).

Sensors 2021, 21, 8416

17 of 21

5.3. Real-World Workflow
5.3.1. Face Detection
Wild Rydes image processing workflow [22] detects a face from a given image and
checks that this person is already registered. This workflow is built for a ride-sharing app
for the drivers to identify the rider during pickup as well as preventing a user to create
multiple accounts for promotions.
This workflow initially has five functions, with two of them running in parallel. We
modify the parallel run as a fan-out structure and add one mediator function transforming
a message format to meet our workflow model. Figure 9G depicts the workflow used for
the test.
Figure 11 illustrates a similar result with the test using example workflows. The
workflow based on our fusion decision shows a shorter response time of the workflow
than the no-fusion and the all-fusion.

Figure 11. Workflow response time on the cold start and the warm start of the original workflow, all
functions fused workflow, and the workflow fused by our method (in real-word workflows).

5.3.2. Matrix Multiplication
The workflow of Figure 9I represents the Strassen algorithm of multiplication of two
matrices. The original workflow for implementing the Strassen algorithm was designed
by Werner et al. [23] to exploit the auto-scaling feature for matrix multiplication speed-up.
The workflow receives the names of two input matrices. Then, matrix data are loaded
from a storage. The two matrices are split into sub-matrices for the Strassen process in the
function named “split matrix.” The Strassen function calculates seven intermediate terms
in Strassen with the calculation process running in parallel. Finally, the collection function
collects all intermediate results and generates the final multiplication result. The last of the
workflow is for saving the result.
The workflow response times of three fusion decisions are presented in Figure 11B for
the size of an input matrix is 128 × 128. For all-fusion, the Strassen algorithm cannot be
implemented in parallel. Consequently, it shows the largest response time among the three.
In contrast, the fused workflow (Figure 9J) from our scheme shows the shortest response
time because of it runs the Strassen function in parallel. We conducted experiments
comparing our method with the original workflow and all-fusion workflow by increasing
the matrix size. When the matrix size is smaller than 64, our scheme shows the same result
as all-fusion. Figure 12 shows that the response time of the all-fusion workflow is rapidly
increased because of sequential run of Strassen. In contrast, the results of our scheme
follow the rate of increasing with the original workflow, but with shorter response times.
We measured the accuracy of our response time model by the time difference between
a predicted response time of our model and an actual workflow response time measured
on AWS. We also measured the accuracy of our proposed scheme by the time difference
between a predicted response time of our model and a predicted response time of the
optimal solution obtained by brute force. Figure 13A shows the comparison results of the
three example workflows, and Figure 13B shows the result on the two real-world workflows.
The “optimal (estimated)” label represents the estimated response time from the brute force.
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The “our method (estimated)” is the estimated response time of the workflow obtained
using our method. The “our method (measured)” is the measured response time of the
workflow of our method. The “all-fusion (estimated)” label is the estimated response time
of the workflow in which all functions are fused into a single function. We can see that our
proposed scheme can find an almost optimal fusion strategy, and our response time model
can estimate the response time after fusion.

Figure 12. Change of the workflow response time of three methods by input matrix size.

Figure 13. Comparing the estimated response time of our model with measured response time
(ground truth) of each workflow in this paper.

6. Related Works
This section introduces studies related to reducing the cold start latency or the function
fusion in a workflow.
6.1. Workflow in Grid/Cloud and Serverless Computing
The concept of processing tasks as a workflow has been around for a while. Even
though workflows are an efficient tool to organize and coordinate various tasks; however,
it is hard to port the workflow and its execution environment to others because each task
in the workflow has dependencies. To address the issue, various workflow systems and
related schemes have been proposed for the cloud computing environment [24] and grid
computing environment [25] to enhance the portability, i.e., to make it easy to re-implement
the environment by capturing dependencies and virtualizing the underlying system (in
cloud computing) [24] or sharing hardware configured for the required environment with
other organizations (in grid computing) [25]. However, there is room to improve for those
suggestions. For example, using the proposed approach [24] may increase the system
complexity because of its component-reusing mechanism. Even though those proposals
achieved a certain level of portability, those suggestions can be improved in reusability.
Since reusability is one of the essential properties of workflow, researchers continue to
study to provide efficient software reuse architectures and systems in serverless computing.
In serverless computing, the workflow consists of functions, which perform a unit task and
have their own dependencies by isolation. Baldini et al. [10] proposed a workflow system
in serverless computing that allows users to build a software by just assembling existing
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software blocks. Since it defines the functions as black-box blocks, the proposed scheme is
more robust to the reusability problem.
6.2. Mitigating Cold Start by Function Preloading
Xanadu [8] is an optimization algorithm that reduces the total cold start latency of a
workflow and waste of resources due to preloading. The main idea behind Xanadu is that
if it can be known which function will be called next, the following function can start warm
by deploying a new instance of the function in advance; however, if a serverless platform
preloads functions too early, the resources are wasted due to over-provisioning. Hence,
Xanadu used a just-in-time preloading approach to minimize the time a preloaded function
waits for the actual request to arrive. In addition, Xanadu defined the most-likely-path
(MLP) concept in a workflow to handle conditional branches. The MLP refers to the path
with the highest probability of execution among several paths (function chain) with starting
to end points of a given workflow. Xanadu preloads functions along with the MLP. When
the execution flow misses the MLP, Xanadu calculates the new MLP based on the current
flow, revokes incorrect preloaded functions, and preloads the following function through
the new MLP; however, Xanadu requires modifying a serverless platform. It is not easy
to use this approach if the user does not have the right to modify a serverless platform,
especially a commercial serverless platform. In contrast, our proposed technique has more
applicability than Xanadu because fusion can be implemented at the client-side, and a fused
function is no different from the normal function. In other words, fusion is an independent
process from serverless platforms.
6.3. Reducing the Cost of Serverless Computing by Function Fusion
Costless [11] is an optimization algorithm for saving operation costs using a commercial serverless platform with IoT devices. Workflow composer systems of commonly used
commercial serverless platforms charge the fee of not only the function execution time but
also the number of function invocations. The main idea in Costless is that if functions are
fused into one single function, then the number function invocation is also reduced to just
one. In addition, Costless used on-premise IoT devices to run functions to save function
execution fees. Costless determines which function remains on the cloud, which function
moves to IoT devices, and whether to fuse the functions listed consecutively in the cloud
from a cost perspective and constraint with a maximum response time of the workflow.
Costless is an optimization algorithm to save operation costs using a commercial serverless
platform with IoT devices.
Each decision is represented as a label of a vertex in a directed acyclic graph. Each
path from start to end represents a possible solution, and the total weighted sum of the
path means the total cost and response time. Using these modeling approaches, Costless
could convert the optimization problem to the constrained shortest path problem, which is
an NP-hard problem but has a fast heuristic with a proven approximation ratio.
However, Costless can handle only a linear function chain. If there is a branch in a
given workflow, the user should linearize the workflow into one possible linear chain to
use Costless. If a workflow contains parallel steps, the users should abandon parallelism.
However, our proposed method can consider branches and parallel steps. Our method can
exploit parallelism by comparing the case of parallel and linearizing the parallel step.
6.4. Workflows Management and Optimizations for Serverless Computing
Many optimization methods for complex workflows have been proposed in recent
studies. In [21], authors define common patterns for workflows (i.e., self-loop, cycle, parallel, branch) as probabilistic direct acyclic graphs to model various types of workflows. Their
method optimizes the performance of the cost of a workflow using a greedy heuristic that
adjusts memory configuration based on the critical path. In contrast, serverless deployment
of deep learning models has been widely studied because its complex workflow makes it
difficult to be used in a serverless environment. In Gillis [26], parallel workflows in deep
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learning inferences are simplified by a linear graph model. Using the linear graph model,
they proposed a dynamic-programming-based method and a reinforcement-learning-based
model to optimize the response time and cost, respectively.
7. Conclusions
We presented the impact of the cold start problem on a serverless workflow. Our
study is focused on a serverless workflow with a parallel execution structure, where the
response time may increase when the workflow is fused. The goal of our proposed scheme
is to reduce the workflow response time by the function fusion while considering branches
and parallelism. To achieve this, we identified three workflow items (i.e., function, fan-out,
and conditional branch) and three latencies (i.e., cold start latency, invocation latency, and
fan-out latency). Based on this definition, we modeled the problem to estimate the response
time of a workflow with the conditions for whether to fuse or not. We showed that fusion
can reduce the response time for both the warm start and cold start of the workflow. As
shown in the experimental results, for a workflow of nine functions, our scheme reduces
the response time at the cold start by almost half compared with the original workflow;
however, when all nine functions were fused, the response time increased by 14%. Our
proposed scheme can be used to find an almost optimal strategy or a high-quality solution.
In this paper, we evaluated our method on the public cloud (AWS Lambda). We plan to
extend our study and to use serverless platforms such as OpenWhisk [27] and OpenFaaS
[28], which will allows us to consider issues such as data locality and provisioning. We
expect that this further study makes the fusion decision more sophisticated.
As already suggested in Baldini et al. [10], function fusion is one of the possible
solutions for the double-spending problem [29] in which the cost for a scheduler function
that is used to compose a given workflow is charged in addition to the cost for source
functions. Our proposed method is based on function fusion, so it may be used to remove
the scheduler function to reduce doubled spent cost. However, billing models vary from
provider to provider, and they may change over time even in the same provider (i.e.,
the cost model is difficult to generalize). We are concerned that the cost model may be
subordinate to a particular vendor.
We also provided schemes for function fusion automation and its implementation for
the AWS Lambda. The scheme is only supported for AWS Lambda; however, it can be
easily extended to other serverless platforms. In future work, we will extend our scheme
by adding more fusibility with workflow reconfiguration such as topology change.
Author Contributions: Conceptualization, S.L. and S.O.; methodology, S.L. and S.O.; software,
S.L.; validation, D.Y and S.Y.; formal analysis, S.Y.; Investigation, D.Y.; resources, S.Y.; data curation,
D.Y.; writing—original draft, S.L; writing—review and editing, S.O.; visualization, S.Y.; supervision,
S.O.; project administration, S.O.; funding acquisition, S.O.; All authors have read and agreed to the
published version of the manuscript.
Funding: This work has been supported by the Future Combat System Network Technology Research Center program of Defense Acquisition Program Administration and Agency for Defense
Development.(UD190033ED).
Data Availability Statement: Datasets derived from public resources and made available with the
article. All Source functions and workflow specifications used in this paper are available on the
following Github repository. https://github.com/henry174Ajou/AWS-Lambda-Fusion-Automation
(Accessed: 15 December 2021).
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.

Wang, F.Y.; Zhang, J.J.; Zheng, X.; Wang, X.; Yuan, Y.; Dai, X.; Zhang, J.; Yang, L. Where does AlphaGo go: From church-turing
thesis to AlphaGo thesis and beyond. IEEE/CAA J. Autom. Sin. 2016, 3, 113–120.
Ulintz, P.J.; Zhu, J.; Qin, Z.S.; Andrews, P.C. Improved classification of mass spectrometry database search results using newer
machine learning approaches. Mol. Cell. Proteom. 2006, 5, 497–509.

Sensors 2021, 21, 8416

3.
4.
5.
6.

7.
8.

9.
10.

11.

12.

13.
14.

15.

16.

17.
18.
19.
20.
21.
22.
23.

24.

25.

21 of 21

Kaur, B.; Sharma, R.; Rani, S.; Gupta, D. Recommender system: Towards classification of human intentions in e-shopping using
machine learning. J. Comput. Theor. Nanosci. 2019, 16, 4280–4285.
Carnier, R.M.; Fujimoto, Y. Assessment of Machine Learning of Optimal Solutions for Robotic Walking. Int. J. Mech. Eng. Robot.
Res. 2021, 10, 44–48.
Treveil, M.; Omont, N.; Stenac, C.; Lefevre, K.; Phan, D.; Zentici, J.; Lavoillotte, A.; Miyazaki, M.; Heidmann, L. Introducing
MLOps; O’Reilly Media, Inc.: Newton, MA, USA, 2020.
Vahidinia, P.; Farahani, B.; Aliee, F.S. Cold Start in Serverless Computing: Current Trends and Mitigation Strategies. In
Proceedings of the 2020 International Conference on Omni-layer Intelligent Systems (COINS), Barcelona, Spain, 31 August–2
September 2020; pp. 1–7.
Shafiei, H.; Khonsari, A.; Mousavi, P. Serverless Computing: A Survey of Opportunities, Challenges and Applications. arXiv
2021, arXiv:1911.01296.
Daw, N.; Bellur, U.; Kulkarni, P. Xanadu: Mitigating Cascading Cold Starts in Serverless Function Chain Deployments. In
Proceedings of the 21st International Middleware Conference; Association for Computing Machinery, Delft, The Netherlands,
7–11 December 2020; pp. 356–370. doi:10.1145/3423211.3425690.
Sbarski, P.; Kroonenburg, S. Serverless Architectures on Aws: With Examples Using Aws Lambda; Simon and Schuster: New York, NY,
USA, 2017.
Baldini, I.; Cheng, P.; Fink, S.J.; Mitchell, N.; Muthusamy, V.; Rabbah, R.; Suter, P.; Tardieu, O. The Serverless Trilemma: Function
Composition for Serverless Computing. In Proceedings of the 2017 ACM SIGPLAN International Symposium on New Ideas,
New Paradigms, and Reflections on Programming and Software, Vancouver, BC, Canada, 25–27 October 2017; pp. 89–103.
doi:10.1145/3133850.3133855.
Elgamal, T. Costless: Optimizing Cost of Serverless Computing through Function Fusion and Placement. In Proceedings of the 2018 IEEE/ACM Symposium on Edge Computing (SEC), Seattle, WA, USA, 25–27 October 2018; pp. 300–312.
doi:10.1109/SEC.2018.00029.
Silva, P.; Fireman, D.; Pereira, T.E. Prebaking Functions to Warm the Serverless Cold Start. In Proceedings of the 21st
International Middleware Conference; Association for Computing Machinery, Delft, The Netherlands, 7–11 December 2020;
pp. 1–13. doi:10.1145/3423211.3425682.
Wang, L.; Li, M.; Zhang, Y.; Ristenpart, T.; Swift, M. Peeking Behind the Curtains of Serverless Platforms. In Proceedings of the
2018 {USENIX} Annual Technical Conference ({USENIX} {ATC} 18), Boston, MA, USA, 11–13 July 2018; pp. 133–146.
How Does Language, Memory and Package Size Affect Cold Starts of AWS Lambda? Available online: https://acloudguru.com/
blog/engineering/does-coding-language-memory-or-package-size-affect-cold-starts-of-aws-lambda (accessed on 15 December
2021).
Du, D.; Yu, T.; Xia, Y.; Zang, B.; Yan, G.; Qin, C.; Wu, Q.; Chen, H. Catalyzer: Sub-Millisecond Startup for Serverless
Computing with Initialization-Less Booting. In Proceedings of the Twenty-Fifth International Conference on Architectural Support for Programming Languages and Operating Systems, Lausanne, Switzerland, 16–20 March 2020; pp. 467–481.
doi:10.1145/3373376.3378512.
Wang, I.; Liri, E.; Ramakrishnan, K.K. Supporting IoT Applications with Serverless Edge Clouds. In Proceedings of the 2020
IEEE 9th International Conference on Cloud Networking (CloudNet), Piscataway, NJ, USA, 9–11 November 2020; pp. 1–4.
doi:10.1109/CloudNet51028.2020.9335805.
Degutis, D.R. Modeling and Transformation of Serverless Workflows. Master’s Thesis, University of Stuttgart, Stuttgart, Germany,
2020. doi:10.18419/opus-11299.
Buddha, J.P.; Beesetty, R. Step Functions. In The Definitive Guide to AWS Application Integration; Springer: Berlin/Heidelberg,
Germany, 2019; pp. 263–342.
Sawhney, R. Azure Durable Functions. In Beginning Azure Functions; Springer: Berlin/Heidelberg, Germany, 2019; pp. 87–121.
Serverless Workflow Specification. Available online: https://serverlessworkflow.io/ (accessed on 15 December 2021).
Lin, C.; Khazaei, H. Modeling and Optimization of Performance and Cost of Serverless Applications. IEEE Trans. Parallel Distrib.
Syst. 2021, 32, 615–632. doi:10.1109/TPDS.2020.3028841.
Sutter, R. Wild Rydes Image Processing Workflow. Available online: https://www.image-processing.serverlessworkshops.
io/(accessed on 15 December 2021).
Werner, S.; Kuhlenkamp, J.; Klems, M.; Müller, J.; Tai, S. Serverless Big Data Processing Using Matrix Multiplication as Example.
In Proceedings of the 2018 IEEE International Conference on Big Data (Big Data), Seattle, WA, USA, 10–13 December 2018;
pp. 358–365. doi:10.1109/BigData.2018.8622362.
Qasha, R.; Cała, J.; Watson, P. A Framework for Scientific Workflow Reproducibility in the Cloud. In Proceedings of the
2016 IEEE 12th International Conference on E-Science (e-Science), Baltimore, MD, USA, 23–27 October 2016; pp. 81–90.
doi:10.1109/eScience.2016.7870888.
Cao, J.; Jarvis, S.; Saini, S.; Nudd, G. GridFlow: Workflow Management for Grid Computing. In Proceedings of the CCGrid
2003. 3rd IEEE/ACM International Symposium on Cluster Computing and the Grid, Tokyo, Japan, 12–15 May 2003; pp. 198–205.
doi:10.1109/CCGRID.2003.1199369.

Sensors 2021, 21, 8416

26.

27.
28.
29.

22 of 21

Yu, M.; Jiang, Z.; Ng, H.C.; Wang, W.; Chen, R.; Li, B. Gillis: Serving Large Neural Networks in Serverless Functions with
Automatic Model Partitioning. In Proceedings of the 41st IEEE International Conference on Distributed Computing Systems,
Washington, DC, USA, 7–10 July 2021.
Apache OpenWhisk. Available online: https://openwhisk.apache.org (accessed on 4 December 2021).
OpenFaaS. Available online: https://www.openfaas.com/ (accessed on 4 December 2021).
Kratzke, N. A Brief History of Cloud Application Architectures. Appl. Sci. 2018, 8, 1368. doi:10.3390/app8081368.

