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SLO-Aware Function Placement for Serverless
Workflows With Layer-Wise Memory Sharing

Dazhao Cheng ", Senior Member, IEEE, Kai Yan

Abstract—Function-as-a-Service (FaaS) is a promising cloud
computing model known for its scalability and elasticity. In various
application domains, FaaS workflows have been widely adopted to
manage user requests and complete computational tasks efficiently.
Motivated by the fact that function containers collaboratively use
the image layer’s memory, co-placing functions would leverage
memory sharing to reduce cluster memory footprint, this article
studies layer-wise memory sharing for serverless functions. We find
that overwhelming memory sharing by placing containers in the
same cluster machine may lead to performance deterioration and
Service Level Objective (SLO) violations due to the increased CPU
pressure. We investigate how to maximally reduce cluster mem-
ory footprint via layer-wise memory sharing for serverless work-
flows while guaranteeing their SLO. First, we study the container
memory sharing problem under serverless workflows with a static
Directed Acyclic Graph (DAG) structure. We prove it is NP-Hard
and propose a 2-approximation algorithm, namely MDP. Then we
consider workflows with dynamic DAG structure scenarios, where
the memory sharing problem is also NP-Hard. We design a Greedy-
based algorithm called GSP to address this issue. We implement a
carefully designed prototype on the OpenWhisk platform, and our
evaluation results demonstrate that both MDP and GSP achieve
a balanced and satisfying state, effectively reducing up to 63% of
cache memory usage while guaranteeing serverless workflow SLO.

Index Terms—Serverless computing, serverless cluster,

container placement, scheduling.

I. INTRODUCTION

UNCTION as a Service (FaaS) stands at the forefront
F of cloud computing models, providing developers with a
revolutionary approach to code deployment. This innovative
paradigm allows developers to focus exclusively on crafting
and deploying individual code functions, liberating them from
the complexities of managing underlying infrastructure [1].
Commonly referred to as serverless computing, FaaS simplifies
infrastructure management and facilitates code execution within
a serverless environment. Its allure lies in on-demand scalability
and pay-per-use pricing, making it particularly appealing for
applications with unpredictable or varying workloads. Platforms
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such as AWS Lambda [2] and Azure Functions [3] exemplify
FaaS, offering developers the capacity to leverage multiple CPU
cores and virtually unlimited memory for efficient execution of
large-scale functions.

Despite its myriad advantages, FaaS presents challenges,
notably in addressing concerns like eliminating cold starts, func-
tion execution scheduling, and resource provisioning [4], [5].
Efficient resource management stands out as a critical concern,
enhancing function performance while minimizing resource
wastage for cloud vendors [6].

In this landscape, memory emerges as a precious resource
for serverless platforms. Excessive memory contention gives
rise to issues like cold starts and execution delays. Notably,
despite previous research delving into computational resource
provisioning for serverless functions and workflows, the poten-
tial of memory sharing between function execution sandboxes,
such as memory sharing between Docker [7] containers, has
been largely overlooked. Additionally, there is a notable absence
of function placement algorithms considering memory sharing
while ensuring the Service Level Objective (SLO) of workflows.

Functions are executed in containers, which are built from
images consisting of layers. Functions sharing the memory of
layer file caches could optimize memory resource utilization
significantly. Docker, utilizing OverlayFS [8] as the underlying
file system for storing image files, provides an opportunity to
share function container memory by layer. This paper explores
the layer-wise memory sharing for serverless functions.

The focus is on FaaS workflows, where functions exhibit
strong layer relations and are organized in specific patterns [9],
[10], [11], [12]. Through experiments conducted on Open-
Whisk [13], our paper demonstrates that actively leveraging
layer-based function memory sharing can yield substantial ben-
efits for FaaS workflows. Placing related function containers
on the same work-node (machine) reduces the overall memory
footprint for the serverless cluster due to the inherent memory
sharing feature of containers. However, it is crucial to consider
CPU pressure to avoid workflow execution time degradation.
Excessive pressure on the work-node may lead to increased
function execution time, potentially violating workflow SLOs.
Hence, effectively managing the trade-off between memory
sharing and SLO guaranteeing emerges as a vital aspect to reduce
the resource footprint while ensuring optimal performance.

In this paper, we investigate how to reduce memory consump-
tion by maximizing memory sharing for serverless workflows
while guaranteeing their SLOs. We investigate the bottom fea-
tures of docker’s ability for cache memory sharing and discussed
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the concern of safety. We then propose a novel mathematical
model that takes into account the structure of the workflow’s
Directed Acyclic Graph (DAG), the workload on work-nodes,
and function characteristics. Based on this model, we formulate
an optimization problem that is proven to be NP-Hard, akin to the
multiple knapsack problem [14]. Drawing on heuristic insights,
we introduce two function placement algorithms, namely MDP
(Merged DAG Partition) and GSP (Greedy Step Placement), to
tackle function placement within serverless clusters. They both
leverage memory sharing while ensuring the workflow’s SLO
to address the container placement problem for both static and
dynamic DAGs. MDP is a 2-approximation algorithm for static
DAG:s. Itleverages the sharing potential of function image layers
to merge nodes of a DAG into different sub-graphs. Containers
placement decision within the cluster is made based on those
sub-graphs. Then we consider workflows with dynamic DAG
structure scenarios and design a Greedy-based algorithm called
GSP. GSP leverages the commonality and parallelism among
functions of the same step/stage [6] to handle the dynamic
scenarios of workflows. A well-designed system implementing
algorithms above is built upon OpenWhisk [13]. Finally we
conduct extensive experiments on the OpenWhisk platform to
evaluate the performance of our algorithms. The experimental
results demonstrate that our algorithms achieve an effective
balance between memory sharing and SLO guaranteeing, and
importantly, the placement decisions are made with minimal
overhead.

This paper makes the following key contributions:

e [llustrating the potential and benefits of memory sharing
among serverless function containers, specifically Docker
containers, while explicitly considering the trade-off be-
tween sharing and SLO-guaranteeing.

e Formulating the function placement problem as NP-Hard,
considering the metrics of DAGs, functions, and work-
nodes. The paper proposes two heuristic solutions tailored
for static and dynamic DAGs.

® Implementing several carefully designed modules on the
OpenWhisk platform to put the algorithms into service.

¢ Conducting extensive experiments on OpenWhisk to vali-
date the effectiveness of the proposed algorithms and show-
case their significant impact on FaaS workflows concerning
memory sharing and SLO guarenteeing.

II. BACKGROUND AND MOTIVATION
A. OverlayFS$S and Container Memory Sharing

In FaaS platforms, functions are usually executed in sand-
boxes [2], [3], [13], [15], which are isolated and controlled
environments that ensure security, reliability, and scalability.
Docker [7] containers are often used as the underlying tech-
nology for creating and managing these sandboxes (e.g., Open-
Whisk [13]). Containers are running instances of images. An
image serves as a self-contained and executable software pack-
age formed by image layers [16].

The latest versions of Docker employ OverlayFS [8] as the
underlying file system for storing image layers. It has come to
our attention that OverlayFS supports page cache sharing [16],
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Fig. 2. Buffer/Cache memory usage after spawning containers.

meaning that an image layer file page only needs to be mapped
to memory once, and all containers using it can access the
same page (Fig. 1). Out of curiosity, we wanted to investigate
how OverlayFS page cache sharing works in FaaS platforms.
Therefore, we conducted a simple experiment on OpenWhisk
by spawning five containers of the same function on the same
machine or on different machines. The results, as shown in Fig. 2,
reveal that the Buffer/Cache memory size only significantly in-
creases once when five containers are placed together (Shared).
However, if the five containers are spawned on different ma-
chines, they consume multiple portions of Buffer/Cache mem-
ory (Stand Alone). This indicates that OverlayFS does reduce
serverless cluster’s overall memory footprint for containers, as
page caches of image layers are shared if containers are spawned
on the same machine of the cluster.

Considering that reducing cluster memory usage can be
achieved for a single function, we began to explore the potential
of leveraging this feature in the context of serverless workflows.

B. Memory Sharing Potential of Faas Workflows

With the development of serverless computing, when migrat-
ing existing applications to FaaS platforms, developers typically
break them down into multiple functions to form complex
workflows [17], [18], [19] and FaaS platforms also provide such
orchestration mechanisms [20], [21]. Workflows are usually rep-
resented as Directed Acyclic Graphs (DAGs) with each function
serving as a vertex in the graph. To evaluate the memory sharing
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potential, we utilized ServerlessBench [22] and conducted ex-
periments on OpenWhisk. During this process, we made several
discoveries.

First, functions within the same workflow often share com-
mon underlying images. For example, in an image processing
workflow, multiple functions may use the same Python runtime
layer at the bottom, with unique layers on top for each function.
A detailed decomposition is shown in Fig. 1. This pattern is
also observed in other workflows, such as web applications and
IoT processing applications whose functions usually use same
run-times and similar libraries. [22] Additionally, parallelism is
common in serverless workflows. Heavy computation tasks are
usually splitinto parallel sequences. Parallel paths in a workflow
often consist of similar or the same function chains. This leads to
cases similar to placing the same functions’ containers together,
as shown in Fig. 2. Finally, co-placing containers of the same
workflow does save memory. We then selected a very simple
workflow with five functions and conducted another compari-
son. This workflow’s function containers are placed into same
(Shared) and different (Stand Alone) machines during the two
isolated tests. Results in Fig. 3 illustrates the significant reduced
memory consumption of the cluster when containers are placed
together.

These discoveries reveal the great potential of function
memory sharing. Leveraging the feature of OverlayFS would
save a significant amount of memory resources for the cluster
while processing workflows. However, we encountered a non-
negligible drawback when testing a more complicated DAG.
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C. Execution Time Deterioration

During further tests, we evaluated a workflow with the struc-
ture shown in Fig. 5. It’s a way more complex and larger work-
flow DAG with dozens of functions. We placed the containers
of the five sequences into one or five work-nodes and recorded
related stats. As shown in Fig. 6, alarge amount of cache memory
was saved when placing the containers together. However, we
alsorecorded the workflow’s execution time. The results in Fig. 6
show that the execution time of placing all containers together
was significantly larger than placing them independently. This
may be because of running paralleled functions together would
impose too much pressure on the work-node, leading to the
deterioration of the workflow’s execution time.

To test our assumption, we invoked a simple but CPU-
sensitive function ImageFilter in two different ways: making
one invocation at a time or making five invocations arrive
simultaneously on the same machine. As shown in Fig. 4, it
is evident that when one machine handles one invocation at a
time, the execution time is observably lower than when handling
multiple paralleled invocations simultaneously. We then placed
ImageFilter’s container into machines with increasing resource
occupancy for testing. The system pressure is set using the Linux
command STRESS. No difference was observed as memory
occupancy increases. But Fig. 7 illustrates that as the machine’s
CPU occupancy rate increases, the function’s execution time
also increases, reaching exponential growth after a certain point.
We call this the cut-off point. This finding supports our opinion.
Fig. 7 also shows the statistics of four other functions with
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different memory and CPU requirements. Their results all indi-
cate that high CPU pressure can degrade function performance,
regardless of function characteristics.

Focusing solely on sharing can lead to sub-optimal execution
results. Reducing memory consumption can be simply achieved
by placing all containers of the DAG on the same machine, but
the workflow’s execution would cost much more time if we do
not pay attention to CPU pressure. Serverless workflows usually
have SLO (Service Level Objective) constraints which require
acceptable execution time, thus such deterioration would not be
acceptable.

Back to Fig. 6, we changed the number of work-nodes from
1 to 5 and tried to evenly place the five sequences. It’s clear that
placing containers in two work-nodes would not increase the
execution time too much, but a great deal of memory has already
been saved. And for each curve in Fig. 7, the execution time
increases slightly until the machine’s system pressure reaches
the cut-off point.

Therefore, we argue that there should be a way to find a bal-
ance point between memory consumption reduction and work-
flow SLO guaranteeing. Placing function containers accordingly
would save memory while satisfying SLO. That is what this
paper will work for. Aiming at that, we design and implement
two heuristic function placement algorithms, namely MDP and
GSP, to tackle function placement within serverless clusters.
They leverages the sharing potential of function image layers of
a DAG to perform function container placement. MDP focus on
static workflows and GSP handles dynamic ones.

It is noteworthy that the preceding discussion exploits the fea-
tures of Docker containers, enabling the achievement of layer-
wise memory sharing. Other serverless platforms designed for
production, such as AWS Lambda [2] and Azure Function [3],
possess their own dedicated function execution sandbox envi-
ronments, such as microVM or Azure Function Runtime. These
platforms do not rely on OverlayFS as the underlying file system,
and consequently, they are not the subject of experimentation or
discussion within the scope of this paper.

D. Safety Discussion

Here, we would like to first address the safety concerns
associated with layer-wise memory sharing. Our perspective is
that sharing page cache memory among Docker containers is
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unlikely to pose significant security risks or compromise user
privacy. To begin with, the shared layers are typically read-only
and primarily reserved for constructing essential runtime envi-
ronments. As a result, the shared memories do not encompass
memory areas critical to program execution, such as the stack
or heap.

Furthermore, these shared pages commonly consist of foun-
dational components, including libraries and system binaries,
which do not contain sensitive information. Additionally, the
unique layers containing sensitive information for each con-
tainer are generally not shared, providing an additional layer
of isolation. While it is true that shared page caches involve a
fundamental level of sharing, the limited nature of this sharing,
coupled with its read-only characteristics and focus on non-
sensitive components, helps mitigate potential security issues.

Last but not least, the sharing we intend to leverage is within
serverless workflows belonging to the same users. This further
reduces the risk of privacy violations. Overall, in scenarios
where shared pages are carefully managed and restricted to non-
sensitive elements, the security impact of page cache memory
sharing is generally minimal.

III. SYSTEM OVERVIEW

MDP and GSP are function placement algorithms designed to
consider layer-wise memory sharing between function contain-
ers while ensuring adherence to workflow SLO requirements.
These algorithms are implemented on the serverless platform
OpenWhisk [13], a versatile open-source project widely em-
ployed not only for commercial purposes in IBM Cloud Func-
tions but also in numerous scientific research endeavors.

In Fig. 8, the architecture of our system is illustrated, where
the light purple blocks represent the modules we added to
the platform. The Controller, central management entity of
OpenWhisk responsible for request processing, scheduling, and
resource management, plays a crucial role in our design. Our
modifications include two main components.

The first component is a modified activation recorder, enhanc-
ing the Controller’s ability to record each function’s execution
time and the system’s resource pressure during execution. As
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discussed earlier and shown in Fig. 7, function execution time
is influenced by system pressure, and the Cut-off Point is of
significant importance. This modified recorder generates execu-
tion curves, akin to those in Fig. 7. The recorded data is stored
in a new table of OpenWhisk’s database for MDP and GSP to
utilize. Recorder is also responsible for calculating and locating
the Cut-off Point. For a curve with a sudden change in slope,
as shown in Fig. 7, the Cut-off Point is the point where the
slope abruptly changes. If there are no slope transition points
in the curve, two scenarios below are considered. First, if the
function execution time steadily increases with the growth of
system pressure, the point at which the execution time is N
times of the minimum execution time is selected. Second, if
the function execution time hardly changes with the increase in
system pressure, the point at which the system pressure is M%
is chosen. M% would be rather large like 80% or 90%. Here,
both N and M are configurable values. They serve the purpose
of preventing excessive execution time and excessive system
pressure. It is worth noting that even for simple functions in our
experiments, there are still abvious cut-off points. The purpose
of these two strategies above is to enhance the robustness of the
system in specific scenarios.

The second component is the Algorithm module, which im-
plements MDP and GSP. Detailed discussions of these two
algorithms will be presented in Section V. This module takes
input from various sources, calculates the optimal function
placement decision, and communicates with the Load Balancer
to execute the actual function placement. There are also modules
with small modification, such as the Image Comparer, serving
as auxiliary components. All these modules are written in Scala
as OpenWhisk originally use and their details will be discussed
in Section VI.

Our system operates with the following pattern: The Activa-
tion Recorder records the execution time of serverless workflow
functions and the associated system pressure. It generates ex-
ecution curves and locates the cut-off point. When a workflow
request arrives from the client, the Algorithm Module obtains
input data from the database, the cluster’s Resource Monitor,
and other auxiliary modules. It then executes algorithm MDP for
static workflows or GSP for dynamic workflows. The computed
placement result is then sent to the load balancer for con-
tainer placement. Through the integration of these components,
our system collectively performs function placement to maxi-
mize memory sharing while guaranteeing the workflow’s SLO
requirements.

With system overview presented here, subsequent paragraphs
will delve into mathematical modeling, detailed algorithms, and
the actual implementation.

IV. MODELING
A. Workflow Model

A serverless workflow contains multiple functions that per-
form logical computations for an application. Its structure de-
termines the overall characteristic of the application. We first
provide a model for the workflow.

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 35, NO. 6, JUNE 2024

Notations Defination

G=(V,E) DAG for the function workflow

F Function Set of the function workflow

W Work-node set of the cluster

Gsub = (Vsubs Esup) a sub-graph of the DAG G.

v; A vertex in the DAG.

Sm The mth step of the DAG.

f; A function of the workflow, mapped to
one or more vertices.

Wi A work-node of the serverless cluster.

o The resource occupancy of wy,.

T The overall execution time of DAG G.

oy Work-node’s resource occupancy at cut-

off point of the Pressure-Time curve.

&(ow, f5) Function f;’s execution time when
placed in wy,.

= All € curves of the workflow.

PSS(fm, fn) The Potential Sharing Score (PSS) be-
tween functions fr, and f.

O(vi, wy) The sharing score when f; is placed on
Wk -

zi(w) Whether function at v; is placed in wy,.

e The upper benefit bound of a sub-graph.

G l‘:jg er The lower benefit bound of a sub-graph.

P.rucial The crucial path of a workflow.

Gaynamic The dynamic part of a workflow DAG.

Gstatic The static part of a workflow DAG.

0(sm) The weight of a step in GSP.

Ts,, The Sub-SLO of a step.

Workflows are most commonly described as Directed Acyclic
Graphs (DAGs). We use G = (V, E) to characterize a workflow,
where the vertex set V' = {v1,va, . . ., v, } represents the vertices
within the graph, and the edge set E = {v;0;]1 <i # j < n}
represents the edges connecting the vertices. The symbol v;v;
represents an edge from vertex v; to vertex v;, indicating that
the function at v; would be invoked after the execution of the
function at v;. Note that in serverless DAGs, different vertices
may represent the same function located differently in the graph
due to parallelism. We use the function set F' = f1, fo,..., fm
to represent the functions included in the workflow.

We next model the Steps of workflow DAGs. As in many
prior works [6], [11], [23], DAGs are often orchestrated as a
combination of multiple steps. A step in a DAG consists of nodes
that have the same depth or level in the graph. Steps in a DAG
are often used to organize and parallelize the execution of tasks.
Functions within the same step can be executed concurrently
since they have no direct dependencies on each other. For
example, all the successor nodes of a fan-out node belong to
the same step, and they run concurrently. In this paper, symbol
v; represents the step of v;, where v > 0. For convenience, we
use Gsup = (Viub, Esup) to represent a sub-graph of the DAG.
As nodes of the same step have no direct edge connections to
each other, a step can be denoted as a sub graph with no edges.
The mth step could be described as s, = (Viup = {vi|vf =
m}a Esub = 0)

B. Function Execution Model

‘We now have a model of the workflow. As each vertex in the
graph has a related function, we must discuss the characteristics
of these functions. Additionally, we need to consider the features
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of work-nodes (machines) in the cluster where these functions
are deployed.

We model the cluster in which serverless functions are de-
ployed as W = {wy, wa, ..., wy }, where wy, represents a work-
node of the cluster. Experiments in Section II indicated that
work-node’s CPU occupancy plays an important role in affecting
functions execution time while no difference was observed as
memory occupancy increases. So we model wy,’s System Pres-
sure as its CPU Pressure, denoted as

wk

(D

k

€ is a parameter for adjustment. wj, and wj® are the overall and
available CPU of a work-node, which can be obtained by directly
monitoring work-nodes’ status.

FaaS platforms typically allow users to configure the memory
size for their functions, and the CPU resources allocated are
directly affected by it [2], [3]. This strategy aligns with the
approach adopted by OpenWhisk [24]. We denote the allocated
memory and CPU requirement of function f; as f/" and [, re-
spectively. f is in positive correlation with 7™, i.e., f§ = af/".
o is a parameter determined by the ratio of the platform’s CPU to
memory [2], [3]. With the modeled resource configuration, we
proceed to model the resource occupancy of functions. Functions
can be either compute-bound or memory-bound, thus having
different memory-CPU occupancy ratios. Given a configured
memory size, we denote the CPU occupancy of function f; as

f;—occup =yaf". ()

Each function has its own  value calculated from historical
records, determining its memory-CPU occupancy fraction.

Apart from resource requirements, another important metric
to consider is the execution time of functions. Let the execution
time of f; be ft As shown in Fig. 7, with a fixed resource
requirement, functlon s execution time f; ! first changes slightly
as the pressure on the work-node grows. But when the resource
occupancy reaches a certain extent, the execution time would
grow rapidly. We use of to denote the cut off point of resource
occupancy. Let t'y be the time before o and t7 1, be the deterio-
rated time. So, when f; is placed on wy,, we define the function
execution time f7, = &(ox, f;) as

ok, 1) = t}k[ok < of] + 17 [ork > o7]. 3)

We use = to represent all £ curves of the workflow. Note that
function execution time is always recorded in FaaS platforms as

s the metric cloud vendors leverage to charge their users. By
recording the system occupancy simultaneously, the data needed
for f} would be available.

We next model the execution time of the workflow. The overall
execution time of G, denoted as 7', depends on the path with
the longest running time in G. Let P = {p1, p2, .. ., pp } denote
the collections of vertices that travel from the starting point to
the end in the DAG. T is then formulated as

T:mafo;»,fj — V;. (4)

cP
P Vi EP

This path will be called the crucial path, denoted as P, ciqi-
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C. Function Sharing Model

As mentioned before, functions belonging to the same work-
flow have the ability to share cache memory usage. In this paper,
we use d(v;, wy) to denote the sharing of v; when its function
container is placed in wy.

The basic sharing among function containers is introduced by
page cache sharing. Pages are disk files mapped to memory, and
disk files are determined by container layers. For two coexisting
containers, page cache could be shared if they access the same
layer [16]. These layers typically consist of runtime-specific
libraries and system binaries, and datasets may also be included
as layer files if they are part of the image. However, datasets in-
troduced by function inputs would not be taken into account. We
cannot exactly calculate how much page cache two containers
share, as the files they would access are determined by functions
themselves. But an approximate sharing value could be obtained
by measuring the sizes of two images’ common layers. We use
[ to represent a layer, [° to represent the size of a layer, and
fjl- to represent all the layers of f;. Consequently, the Potential
Sharing Score (PSS) between two functions is

Elsﬁf%ﬁfh ls
leefinufh Ls

Also, the sharing score of putting f;’s container in wy, is de-
termined by the containers already existing in wy. When f; is
placed on wyg, we denote its sharing score as

>

l5<—l,fj<—vi

§(vs, wy) = 1° where [ € fjl- &le U Fin-

fm—wg

Furthermore, we use a binary variable to indicate whether func-
tion f; in v; is placed in wy,

0, fj’-s container is not placed in wy,

(wk) = 1 f, . . 1 di (7)

, [} container is placed in wy,

As in one execution, each container of a vertex can only be
placed once, we have the constraint

Z xi(wg) =1,Vv; € V. )

wreW

V. PROBLEM FORMULATION AND SOLUTIONS

Our objective is to maximize the memory sharing among func-
tion containers while maintaining a balanced and SLO-aware
state for the workflow. The Service Level Objective (SLO) for
the workflow is denoted as T'sy o, representing the maximum
allowed execution time for the entire workflow. T's 1, o represents
a user-defined workflow execution time limit. We assume both
the user and the platform are rational; the user would not set
an excessively high T'so to avoid unnecessary costs, and the
platform would not allow an overly low T'szo to maintain user
satisfaction and platform credibility.

T = maxz f <Tsro- )

cP
PEY viep
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Algorithm 1: Sharing-Aware Container Placement.

Input: DAG G = {V, E'} where vertex v; € V;
Functions mapped to v;, f; — v;; Function
execution time curve £(oy, f;); Info of all
work-nodes, W; Workflow SLO, Tsro

Output: Work-nodes chosen to place containers of

fieV

Calculate all placement options Xa; < {X|xi(wi)};

Filter out options that doesn’t fit topological need,

Xtopo  Xau — {X|x — untopological} ;

3 foreach X € Xtopa do

4 Calculate DAG execution time T'x;

5 if Tx < Tsro then

6 Store X;

7

8

9

N

Calculate memory saved due to sharing Sx;
end
end
10 Xy es < X who has max(Sx);

To achieve this, we need information about the workflow’s Di-
rected Acyclic Graph (DAG) for placement calculations. How-
ever, in reality, the full DAG might not always be accessible due
to various programming patterns or privacy concerns of users.
In some cases, workflows are orchestrated using triggers or
in-function invocations, making the DAG structure dynamic and
responsive to real-time requests or different inputs. Therefore,
we present two distinct problems and their solutions to address
both static and dynamic DAG scenarios.

A. Container Placement With Full Knowledge of DAG

The goal of the Static Shared Function Placement (SSFP)
is to maximize the sharing (S) of function containers while
considering the DAG’s overall topology structure, the features
of functions in each DAG vertex, and a set of cluster work-nodes
(W). The main constraint is to ensure that the workflow’s SLO
is guaranteed. We formulate the problem as:

Problem 1: (SSFP) Given G, W, I and =, calculate (4) and
(6), subject to constraints (7), (8) and (9), to maximize S =
ZvieG 5(vi7 wk) " &g (wk)

1) A Straightforward Solution: Anintuitive approach to find-
ing the optimal work-node to place all containers (v;’s) is to use
Algorithm 1.

Algorithm 1 first finds all possible placement options and en-
sures that they adhere to the topological order (successor nodes
are placed earlier than predecessor nodes). It then calculates the
execution time of each option and filters out options that do
not meet the SLO requirement (Line 3-9). For each placement,
Algorithm 1 calculates the sum of sharing for the workflow and
selects the option with the highest sharing. Although this idea is
straightforward, the following Theorem 1 shows that the SSFP
is NP-hard, which makes it impractical.

Theorem 1: Problem SSFP is NP-Hard.

Proof: 'We prove this theorem by mapping the problem SSFP
to a multi-knapsack problem where item values differentiate in
different packages. Given a multi-knapsack problem (MKP)

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 35, NO. 6, JUNE 2024

I = {i1,i49,...,1,},each has a positive value u,;.
P = {p1,p2,...,pm},each has a capacity c¢;
Each item has a weight w;

Yy wi - mij < ¢, wij € {0, 1}

Solve max V = 3"7" | u; - x5

(10)

I is the set of items, each item has a value u;. P is the set
of backpacks and c; represents each backpack’s capacity. z;;
stands for whether an item is placed in a backpack. Back to
SSFP, regard each wy, as a knapsack with capacity 1 — oy. Each
f; is an item to be put into the backpack. The value of the
item s; is determined by not only the item itself, but also by
the chosen backpack’s capacity ox and item already in it. And
the goal of the problem SSFP is to get the max score S. We
map it to Problem (10) with {v; < i;, wy < p;, s; < u;, 05
¢;, S < S}. Generally speaking, in our model, problem SSFP
is a multi-knapsack problem where item values differentiate
according to backpack capacity and items already in it. So if
there exists an algorithm that solves our problem, it also solves
the corresponding multi-backpack problem. Owing to the NP-
Hardness of multi-knapsack problem, SSF'P must be NP-Hard as
well. s; < S(ok, fm € wi, G). And multi-knapsack problem is
known to be NP-Hard [14].

2) Heuristic Solution With Full Knowledge of DAG: In this
section, we aim to reduce the computational complexity of SSFP
by leveraging heuristic insights derived from the DAG structure
and function execution variations. We propose a practical algo-
rithm called Merged DAG-Partition (MDP) to efficiently choose
the appropriate work-nodes for placing workflow’s function
containers.

The sharing among function containers arises from the use
of the same layers in their images. Our first key insight is
that Insight (1) functions belonging to the same step have a
great potential for sharing and performance improvement. This
concept was explained in Section I1. Another important insight is
that Insight (2) sharing can happen among sequencing functions
of a DAG with low CPU pressure increase. After invocation,
containers are usually retained in the work-nodes due to the
keep-alive policy. Keep-alive containers have minimal CPU
consumption but still occupy memory. Hence, successor nodes
candirectly utilize the cached pages, resulting in no deterioration
since they often have similar underlying dependencies.

Based on two these insights, we introduce the heuristic algo-
rithm called Merged DAG-Partition (MDP) to address problem
SSFP. MDP partitions the entire DAG into several sub-graphs,
where functions of the same sub-graph are placed in the same
work-node (Algorithm 2). Mechanism of MDP is given below
and Fig. 9 provides an example of it.

Mechanism One, the partition of DAG is achieved by merging
vertices of DAG vertically and horizontally: The ultimate goal of
MDP is to place function containers into different work-nodes.
Vertices of functions within a work-node forms a sub-graph
of the original DAG. Based on Insight (1) above MDP would
horizontally merge vertices of the same step/stage of the DAG.
On the same basis, vertical merge is done based on Insight (2).
Horizontally merged functions belong to the same stage of
the workflow, so they would be executed concurrently, posing

Authorized licensed use limited to: Wuhan University. Downloaded on June 21,2024 at 04:51:39 UTC from IEEE Xplore. Restrictions apply.



CHENG et al.: SLO-AWARE FUNCTION PLACEMENT FOR SERVERLESS WORKFLOWS WITH LAYER-WISE MEMORY SHARING

Work-nodes sorted by pressure: Wy, Wy, W, ...

@:‘ “- W,

Bod &@a@)
L)
L1 (@

(b) Init with Crucial Path and
Least-Shared Sub-Graphs

(a) Original DAG

Fig. 9. Example of merged DAG partition (MDP).

Algorithm 2: Merged DAG Partition.

Input: DAG G = {V, E'} where vertex v; € V;
Functions mapped to v, f; — vi; Function
execution time curve £(ox, f;); Info of all
work-nodes, W; Workflow SLO, Tsro

Output: Work-nodes chosen to place containers of

fieF

1 Select several work-nodes with low pressure Wi,,, from
w;

2 Find the crucial path P, ucia for G, use its vertices as
initial sub-graphs;

3 Topologically partition workflow G into steps,
S = {51,852,y Sm, --Sn };

4 for each step s, € S do

5 Use crucial path function vertex v¢’p as base, sort
function vertices v;" by (5);
6 Get Least Shared v7's with lowest PSS;
7 Init two sub-graphs G¢'p < vép and GT's < vls;
8 Init G p, GT's pressure with Wiow,0, Wiow,1;
9 while Satisfy G7P" G4 AND Tp,,.,.... < Tsro
do
10 if only G¢&p and GT's exists then
11 | G&p merge GTs;
12 end
13 Calculate sharing score with (5);
14 G¢p merge v; < highestShare(vdip);
15 least erge v; < highestShare(v]y,);
16 end
17 if has v; remaining AND has W remaining then
18 | Init new sub-graph G}, and perform TSM;
19 end
20 end
21 for G¢p, GT's and Gy, 0f each step do
2 | Merge vertically;
23 end
24 Place functions of the same sub-Graph into the same
Wiow;

pressure to the work-node. Vertically merged functions belong to
sequencing stages of the workflow, they won’t increase pressure
to the work-node at the same time but their execution time
would be added up. Accordingly, we have Mechanism Two
and Three.

Crucial Path:

J W, Merge to CP
if one graph

can fit the

constraints
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Vertical Merge ——»

& v, [®)

®@ 00 )
K;)‘él Spawn new

graph if two
\ D can’ t Sub-graph 2
@ contain all
vertices @ @ W,
Sub-graph 3

(¢) Horizon: Two-Stream-Merge

Vertical: Merge CP and Non-CP Graphs (d) Partition Result

Mechanism Two, merge has limits of CPU pressure and
memory sharing benefits: As we experimented before, horizon-
tally adding a vertex into a sub-graph can increase the benefit
of memory sharing but also introduce more CPU pressure.
The sharing benefit and pressure can be obtained using (6)
and ff. Certainly, it’s possible that after one merging, it may
bring about too little sharing benefit but too much pressure. To
prevent such useless or harmful merge, we set an upper limit
for resource pressure and a lower bound for memory sharing
benefit for each sub-graph. After horizontally adding a vertex,
the resource occupancy cannot exceed the resource limit, and
the benefit from sharing cannot be lower than the benefit bound.
MDP sets the upper bound using the function in the sub-graph
who has the smallest execution time at its cut-off point. The
resource pressure at this point is used, thus upper bound is
calculated as

Gyp™ = min of + &(ox, fj)-

Y

i€Gsub

The lower bound is a user-defined value indicating the minimum
percentage of shared layers. The lower it is, the more tolerant
MDP would presented as.

Glower

sub

12)

As for vertical merge, only sharing limit should be considered
because CPU pressure would not add up.

Mechanism Three, MDP guarantees SLO by controlling the
execution time of the crucial path: Recall that we previously
modeled the workflow’s execution time as determined by its
crucial path P.,yciqi- We use the work-nodes’ average occu-
pancy to calculate each function’s execution time using (3).
These calculated execution times are used to obtain P.,,cial,
which contains functions with the longest execution time for
each step. Summed execution time of crucial-path functions is
the execution time of the workflow. While performing horizontal
merges MDP would guarantee that 1) the execution time of none
crucial-path functions won’t exceed crucial-path function and
) Tp < Tsro. Under such circumstances, constraint (9)

crucial

is satisfied.
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Mechanism Four, MDP performs horizontal merging using a
Two-Stream Merge algorithm and vertical merging by distin-
guishing crucial-path sub-graphs from non-crucial-path ones:
Having discussed the principles of merging in three mechanisms
above, Mechanism Four would elaborate how MDP carries out
its two-dimensional merge. MDP performs horizontal merge
using a Two-Stream Merge (TSM) algorithm. TSM sorts the
functions of a step in descending order by comparing their
sharing scores with the P.,,.;q function using (5) (Line 5).
Then, it selects the P, y¢iq; function (fop) and the function
with the least sharing score (frs) with fop as two starting
points of the step (Line 6-8). This aims at reducing merging
complexity and increasing sharing score compared to randomly
selecting starting points. The two staring sub-graphs then itera-
tively merges functions that have the highest sharing scores with
themselves while satisfying the constraints in Mechanism Two.
If, in the end, only two sub-graphs remain, MDP merges them
as long as the constraints are met. If two graphs cannot contain
all vertices, a new sub-graph is added, and the process contin-
ues (Line 9-19). But if the number of sub-graphs reaches the
number of work-nodes, no more sub-graphs should be created
and remaining vertices should be added to existing sub-graphs.
The number of work-nodes is obtained from the serverless
platform, which is OpenWhisk in our case. After horizontal
merge, vertical merge is done. MDP first vertically merges
the crucial path sub-graphs together. They serve the purpose
of restricting SLO. The second merge merges non-crucial-path
sub-graphs to obtain larger sub-graphs in the vertical level
(Line 21-23).

Fig. 9 illustrates an example of a MDP. The process begins
with a DAG and work-nodes, where work-nodes are initially
sorted based on pressure. (In Fig. 9(a), Wy, W; are work-nodes)
For partitioning, MDP first identifies crucial path functions
for the DAG using Mechanism Two. (In Fig. 9(b), the cru-
cial path functions are located and so are the least shared
functions.) Subsequently, merge operations are conducted un-
der Mechanism Four, and sharing and pressure computations
follow Mechanism Two (Fig. 9(c)) For example, F3 and F4
merged into two separate sub-graphs instead of just the crucial
path because adding them together would exceed the CPU
pressure limited by Mechanism Two. But F18, F19 and F20
can all be merged together because their pressure together is
not that high. Finally, the vertical merge is executed using
Mechanism Four (Fig. 9(c) and (d)). Ultimately, the functions
within each sub-graph are placed in the same pre-selected
work-node.

For a DAG with N steps, the time complexity is
O(|V|log|¥%| + W), where |V| is the number of vertices in
the DAG. W is the number of work-nodes. This complexity
arises from sorting work-nodes, crucial path calculation, and
horizontal merging using the Two-Stream Merge algorithm
where parsing vertices and sorting PSS is done in every
step. The space complexity is O(|V]), accounting for stor-
ing the crucial path, sub-graphs, and additional structures for
calculations.

The approximation ratio of the algorithm MDP for SSFP is 2
and proof is given using Theorem 2 below.
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Theorem 2: The approximation ratio of the algorithm MDP
for SSFP is 2.

Proof: We provide the sketch of the proof. Horizontally, MDP
merges vertices into the same sub-graph by sharing score value.
Same to the mapping in Theorem 1, we can also map horizontal
sub-graph merge to a MKP. So within each step, MDP solves
the MKP in a value-based pattern. It has been proved in [25]
that using such strategy has a gives a 2-approximation rate. As
Insight 2 indicate that vertical lead to minor pressure influence,
vertical impact could be ignored. We argue that MDP has a
approximation ratio of 2 for SSFP. Due to page limitation,
detailed explanations are omitted.

B. Container Placement for Dynamic DAGs

Next, we address the solution for dynamic scenarios where the
DAG?’s structure can change depending on inputs or configura-
tions [26]. Our focus is on workflows characterized by a partially
static structure, where the uncertainty lies in the potential invo-
cation of several functions. Specifically, the number of parallel
sequences exhibits dynamism, and the invocation of multiple
functions is determined in real-time. It’s essential to note that
these dynamic aspects should not involve cycles or loops, as our
target domain is directed acyclic graphs (DAGs) as prior works
like [6], [11], [26] In this case, we have only partial knowledge
of the DAG structure. The other parts, for example whether
several branches would be invoked or whether function £'4 or
F'5 would be invoked is detarmined only during invocation. Let
G dynamic denote the dynamic part of DAG, and the known part is
given by

Gknown =G - Gdynamic- (13)

Therefore, the problem Dynamic Shared Function Placement
(DSFP) is to maximize the sharing S of function containers,
given information about cluster work-nodes, partial topology
structure of the DAG, and features of functions. The workflow’s
SLO should be met as a constraint. In summary, we have the
following optimization problem:

Problem 2: (DSFP) Given Grnown, W, F and Z. Gaynamic
is accessible during placement procedure. Calculate (4) and
(6). Try maximize S =) d(vi, wy) - xi(wy), subject to
constraints (7), (8) and (9).

Theorem 3: Problem DSFP is NP-Hard.

Proof. DSFP is a more complicated variation of SSFP with
additional constraints. It is essentially an online SSFP with the
arrival of dynamic functions known only during the placement
procedure. We can map DSFP to a MKP with items information
known only during the procedure of putting them into packages.
Given a modified multi-knapsack problem (MKP)

[={Bi,Bs,...,B,}
B; = {i1,i2,...,in},each i has a positive value u;.
P = {p1,p2,...,pm},cach has a capacity c;

Each item has a weight w;
dojmwi iy < cj, iy € {0,1}
Solve maz V = 3"1" | u; - xj
(14)
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Algorithm 3: Greedy Step Placement.

Input: DAG G = {V, E} where V and E are dynamic;
Functions mapped to v;, f; — vi; Function
execution time curve £(oy, f;); Info of all
work-nodes, W; Workflow SLO, Tsro

Output: Work-nodes chosen to place containers of

fieV
1 Topologically partition workflow G into steps,
S = {51,852, ..es8m, -.Sn };
2 Calculate sub-SLO T5,, for each each s, using (17);
3 Monitor function requests;
4 if step requests for s, detected then
5 F < f;j < sm;
Get sub-SLO T5,,;
Wselect — Wi € W where wy has lowest og;
Try place f; € F in one node;
Get execution time from £ (o, f;);
10 while T'00 > T, do

Sm

© ® 9 o

11 AddAndBalance (wg, W, sm);

12 Break if reaches limit;

13 end

14 Record and Apply X <+ {z;i|v; € sm};
15 end

16 Function AddAndBalance (Wyq, W, $m) ¢
17 F«— {f €{Wua}, f < v; where v; € s };

18 Select a new work-node wy from W;

19 if inBatch then

20 Wnew = Wold + Wk,

21 for all f; € F: Evenly place f; into Whew;
22 end

23 end

I is the set of items batches, each batch has several items
which are known only when actually handling the batch. The
rest definitions are the same as SSFP. Regard each wy, as a
knapsack with capacity 1 — o,. Each f; is an item to be put
into the backpack. The value of the item is s;. The goal of
the problem DSFP is to get the max score S, the placement
should be executed with batches arriving. We map it to Problem
(14) with {’Ui «— 7,'1', Wg < Pj, Si < Ui, 05 < Cj, S« S} Soif
there exists an algorithm that solves our problem, it also solves
the corresponding dynamic multi-backpack problem. Owing to
the NP-Hardness of multi-knapsack problem [14], DSFP must
be NP-Hard as well. Therefore, DSFP is also NP-Hard.

To tackle DSFP, we need an online algorithm to perform real-
time container placement. Online placement means executing
the placement calculation when real-time requests arrive, and we
can no longer perform a general partition on the DAG like MDP.
Inspired by [6], we propose the Greedy Step Placement (GSP)
algorithm to address DSFP (Algorithm 3). The mechanisms and
procedure of GSP is given below.

Mechanism One, GSP satisfies workflow’s SLO requirements
via satisfying each steps sub-SLO: Because the arrival of dy-
namic functions is known only when the workflow reaches a
certain step, GSP performs container placement on a step level.
Inspired by [6], we reduce the constraint of satisfying a DAG’s
SLO (9) to satisfying each step’s sub-SLO, denoted as

> 1., <Tsro. (15)

sm€G
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Then, the problem becomes how to set each step’s sub-SLO.
Our insight here is that when reaching the cut-off point of the (3)
curve, the sharing-time ratio is the highest. Using knowledge
of Ggnown, for each step of it, GSP finds the function with the
longest execution time at the variation point. Then, it greedily
uses it to calculate the weight of a step, denoted by 6

0(sm) = ﬂt;‘—,k'

Here, [ is a parameter for adjustment. A step’s weight deter-
mines its portion of the SLO time. So the sub-SLO of a step s,
is calculated by

(16)

0(sm,
7, - m) o

o ij 0(sm)

Of course, this way of obtaining T overlooks the possible
impact of functions within G gynamic. This is a compromise
made to address dynamic scenarios.

Mechanism Two, GSP uses greedy strategy to co-place func-
tions of a step: With the sub-SLO of each step determined, we
need to satisfy it while trying to maximize the sharing within
each step. We still leverage Insight 1, trying to place function
containers in one work-node. Requests of a step would arrive in
two different ways. One is in Batch (e.g., several functions would
be invoked with a minor delay after a fan-out node). Another is
With Delay, where function requests of the same step do not ar-
rive at the same time. To tackle this situation, GSP uses a greedy
strategy. For batched requests, GSP simulates trying to place
function containers in one work-node (Line 5-8). It calculates
whether it exceeds the sub-SLO. If the maximum time exceeds
the sub-SLO, AddAndBalance() selects a new work-node and
evenly places containers in old and new work-nodes. Placement
is performed for all functions afterward. For requests arriving
with delays, GSP simply calculates if a placement would lead
to an SLO violation. If it does, it selects a new work-node and
places future containers in it. Placement is done as long as the
request comes.

Mechanism Three, GSP tends to utilize work-nodes used by
preceding steps. This aligns with Insight (2) mentioned earlier.
Reusing work-nodes where preceding containers were placed
increases the benefits of cache memory sharing.

The progression of GSP is rather straightforward. Given a
partially known DAG and work-nodes, GSP first calculates the
sub-SLO for each step (Lines 1-2). Next, it awaits the arrival of
each step and selects work-nodes to place function containers.
The placement follows Mechanisms Two and Three (Lines
4-13). The placement procedure concludes when requests of the
workflow no longer arrive.

GSP leverages the methodology of the greedy algorithm on
two levels: calculating sub-SLO for steps on the DAG level
and making best efforts to place containers on the step level.
The time complexity of GSP is O(|V'| + |W|) as it only needs
to parse the vertices and work-nodes several times. The space
complexity is O(|V| + |W), accounting for storing the vertices
and work-nodes. Note that GSP may not find an exact and
optimal solution for problem DSFP, but it is locally optimal
for such online scenarios.

a7
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TABLE I
COMPARISION OF THREE ALGORITHMS

Algorithm | DAG Structure | Methodology

Optimal Static Exhaustion

MDP Static Score Based Sub-SLO Partition
GSP Dynamic Greedy Algorithm

C. Solution Summary

A comparison of the three algorithms is presented in
Table I. The Optimal Algorithm is an impractical one with a
non-polynomial execution time, but can be used as a baseline.
MDP and GSP individually handles static and dynamic DAGs. It
is important to note that all three algorithms require prior knowl-
edge of function execution time, implying that newly arrived
function workflows may not be suitable for their application.
To enhance accuracy and feasibility, we recommend employing
MDP and GSP on workflows with a minimum of 20 invocation
records. This ensures a more robust and reliable application
of these algorithms in optimizing container placement and re-
source utilization. As for invocation recording, current open-
source or commercial platforms all provide such abilities or
plugins [3], [13].

VI. IMPLEMENTATION

We have implemented MDP and GSP in the serverless plat-
form OpenWhisk [13], which is the open-source project that
serves not only commercial usage in IBM Cloud Functions but
also many scientific researches. The source code of the system
is in Github.'

The implementation of the Merged DAG Partition (MDP)
and Greedy Step Placement (GSP) algorithms involves intri-
cate modifications to OpenWhisk’s core components, primarily
focusing on the Controller, with additional adaptations to the
Invoker and DB modules.

1) Modified Invocation Recorder: In the first phase of im-
plementation, our focus is on augmenting the functionality
of OpenWhisk Controller through a sophisticated invocation
recorder. This enhanced recorder goes beyond merely logging
each function’s execution time; it also captures the system’s
resource pressure dynamics during execution. The recorded data
serves a dual purpose: not only does it facilitate the generation
of &(ox, f;), crucial for determining variation points for each
function, but it also contributes valuable insights into system
behavior. In cases of clusters with homogeneous work-nodes, the
recorder generates &(oy, f;) once for each function. As the di-
versity of work-node types increases, more curves are generated.
However, given the tendency of cloud vendors to deploy similar
virtual machine clusters, the record scale remains manageable.
These records are stored in a dedicated CouchDB table within
OpenWhisk, specifically designed for tracking workflow invo-
cations. It’s important to note that regular function invocations
that do not form part of workflows continue to leverage the
conventional activation recorder.

Uhttps://github.com/Yorklandian/TPDS
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2) Placement Algorithms (MDP and GSP): The second phase
involves the actualization of MDP and GSP algorithms within
OpenWhisk Controller, implemented using Scala. These al-
gorithms are designed to collect real-time data and perform
intricate placement calculations. Activation of MDP and GSP
occurs in response to the arrival of workflow invocations. Input
data crucial for these algorithms is sourced from the Controller
Monitor, providing a comprehensive snapshot of each Invoker’s
status. The computed results are then communicated to the Load
Balancer for precise dispatch operations. The status updates
of Invokers are fed back to the Controller, initiating iterative
processes and ensuring ongoing optimization.

Beyond the primary implementation, several auxiliary modi-
fications have been incorporated into the platform. Three values
are left configurable for users: M and N to assist in locating
cut-off points for unusual situations, as stated in Section III,
and G'°%¢" (o control the tolerance of MDP and GSP. Specific
values for these parameters will be provided in the evaluation
setup sections below. An ImageComparer has been introduced,
empowering the Controller to conduct layer-wise comparisons
of function container images. This automated process stream-
lines the computation of (5). Additionally, the orchestration of
Directed Acyclic Graphs (DAGs) is facilitated through Open-
Whisk Composer and Conductor [13]. The static structure of a
DAG is defined within Composer, while OpenWhisk Conductor
introduces dynamic elements into workflows, adding flexibility
to the overall system architecture. These enhancements collec-
tively contribute to the robustness and efficiency of OpenWhisk
in managing complex serverless workflows.

VII. EVALUATION

We design several evaluations to answer the following re-

search questions:

® How do MDP and GSP perform, comparing with original
and optimal placement strategies? Can they effectively
handle the trade-off between memory sharing and execu-
tion time deterioration? (Section VII-B)

e Arethe SLO guaranteed while placing functions with MDP
and GSP? How do they perform under different system
pressures? (Section VII-C)

e How much memory could be saved due to layer-wise
sharing-based function container placement, compared
with non-sharing scenarios? (Section VII-D)

e What is MDP and GSP’s sensitivity to the ratio of common
layers and workflow’s CPU pressure? (Section VII-E)

A. Experiment Setup

1) Workflow Selection: To evaluate the performance of the al-
gorithms, we selected and modified several serverless workflows
from existing benchmarks [22], [27], [28]. These workflows
represent various scenarios, including CPU-sensitive image
processing, memory-sensitive tasks requiring large packages,
and small workflows with balanced resource needs. They are
real-world serverless benchmarks aimed for purposes including
scientific computing and backend services [22], [28]. There are
also other available benchmarks like DayDream [29], the reason
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|

NodeBackend

AICV DSSN

ImageProcess

Fig. 10.  Structure of four workflows.

we choose above benchmarks is that they focus on the serverless
field and are adaptable to OpenWhisk.

We selected four representative workflows with the structure
shown in Fig. 10, each serving real computational needs as real-
life serverless applications. As benchmarks are originally static,
they are designed with dynamic DAG alternations to test GSP.
The dynamic parts of each workflow are contained in grey boxes
in Fig. 10. DYNAMIC means these parts are NOT prior known to
the serverless platform. OpenWhisk knows their existence in the
workflow only when they are invoked during the progress of the
workflow. The dynamic parts are created in two patterns. One is
that the count of parallel sequences is not fixed, as ImageProcess.
The other is that whether several branch functions would be
invoked is unknown, like AICV and NodeBackend. Note that in
later experiments, these dynamic functions would all DO exist
and BE invoked. So that dynamic and static DAG would have
the same function number an graph structure, not affecting the
fairness for comparison between MDP and GSP.

® [mageProcess: This scientific workflow utilizes Python 3.6
with the Python library PIL for simple image processing
in a parallel pattern to leverage FaaS platform’s scalable
features. Its dynamic version has a random number of
parallel sequences ranging from 3 to 6.

e AICV: This workflow incorporates model-enhanced
OpenCV features to handle Al-related computer vision
requests, using Python 3.7 as the basic runtime. Its dynamic
parts contains several branch functions whose absence
would not break the main process.

® NodeBackend: Comprising several Node.js functions, this
workflow forms a scalable serverless backend application
which handles http requests. A dynamic version is made
by having three branch functions’ invocation decided by a
random seed.

® DeathStarSocialNetwork(DSSN): This workflow modifies
several DeathStarBench [28] micro-services as serverless
functions. Forming a simplified backend workflow. Its dy-
namic version follows the same principle of NodeBackend.

These selected workloads are first invoked 100 times un-
der different system pressures and execution time curves are
recorded and generated. Besides these selected workloads,
dozens more workload are all tested when evaluating MDP and
GSP’s sensitivity. They’d be used for sensitivity analysis on
MDP and GSP’s performance reacting to the ratio of worflow
functions’ common layers and workflow’s CPU pressure. Based
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on the recorded values, we set M as 80% and N as 3 to alleviate
high pressure or execution time. Among all the workflows,
averagely 31.2% of image layer size could be shared. Therefore,
we set a rather tolerant GI°%°" as 25% to better observe the
performance of MDP and GSP. It is important to note that
a higher G'°%°" would make MDP and GSP more stringent
on memory sharing, resulting in lower sharing but better SLO
guarantee.

2) Baselines: To test the effectiveness of MDP and GSP, we
selected five container placement strategies as baselines:

e Wisefuse [11] places concurrent function containers in a
fair manner by evenly distributing containers across all
work-nodes, minimizing the pressure on each machine but
disregarding memory sharing.

e [Faastlane [9] places all function containers of a workflow
into a single work-node, optimizing memory footprint at
the expense of work-node pressure considerations.

e Phontons [30] co-locates parallel invocations together to
improve memory utilization, not to meet latency or cost
objectives.

® RainbowCake [31] leverages layer-wise memory sharing
for reducing cold starts and memory consumption. We
combine its algorithm and OpenWhisk’s default schedul-
ing as a baseline.

e NP-Optimal (NPO) performs optimal placement using
Algorithm 1. While not practical in real life due to its
NP-Hard nature, we calculated the results in advance for
comparison with MDP and GSP.

3) Work-Node Setup: Our experiments were conducted on
an OpenWhisk Cluster deployed using Kubernetes. The cluster
contains 10 Ubuntu 20.04 servers, each equipped with 64 GB
of memory and 20 CPUs. We utilized the Linux command tool
STRESS [32] to regulate the occupancy of work-nodes’ CPU
and memory resources, creating a FaaS cluster environment that
closely mimicked real production FaaS platforms [10].

STRESS directly adjusts the work-node’s CPU occupancy by
generating background tasks, enabling us to control the system
pressure of work-nodes. However, the system pressure set by
STRESS is relatively static. A real serverless work-node would,
in fact, exhibit dynamic system pressure levels, with functions
spawning and terminating. In this scenario, in addition to setting
a basic system pressure with STRESS, we employ scripts to
create CPU-consuming functions running in the background,
simulating a more realistic serverless environment. For instance,
when we specify a work-node’s system pressure as 30%, we
actually use STRESS to establish a static system pressure of
25%. Concurrently, several CPU-consuming functions would
be randomly invoked, consuming 5% to 10% of CPU resources.
This approach of setting system pressure is both more realistic
and convenient.

B. Regular Evaluation for MDP and GSP

We first tested the two algorithms under a simulated in-
production serverless cluster environment. Inspired by [10], we
randomly set work-nodes to have resource occupancy between
40% to 60% as the initial state of the cluster, creating a relatively
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busy serverless cluster. OpenWhisk first performed container
placement using the baseline policies and their results were
recorded. We then set the SLO for MDP and GSP using the mean
execution time of Faastlane and SA. Next, the four workflows
were invoked dozens of times in the cluster using Optimal, MDP,
and GSP. For GSP, we made several parts of the workflows
dynamic as stated above.

We gathered data on the average execution time and page
cache memory consumption of the workflows. As functions gen-
erally exhibit similar runtime memory consumption, we focused
on presenting buffer/cache memory metrics. The comparisons
are visualized in Figs. 11 and 12. SA, Faastlane, and Phon-
tons represented the extremes of the memory-time spectrum.
SA displayed the lowest execution time but the highest cache
memory occupancy, while FaastLane and Phontons exhibited
the opposite. SA places functions in as many different machines
as possible while Faastlane and Phontons do qiute the opposite.
For workflows with a large number of functions like Death-
StarSocialNetwork, their consumption of buffer/cache mem-
ory and execution time would distinguishing differ. MDP and
GSP achieved a balanced state, with MDP slightly outperform-
ing GSP. MDP’s placement conserved more memory than the
greedy GSP, which performed real-time placement. Rainbow-
Cake could also reach a balanced state alias to MDP and GSP.
But as its scheduling lacks DGA partition based mechanism,
its memory consumption and overall execution time are both
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Fig. 13.  Warm/Cold start rate for MDP.
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Fig. 14.  Warm/Cold start rate for GSP.

higher than MDP and GSP. Statically, MDP averagely saves up
to 63% of the cache/buffer memory occupancy comparing with
SA. Furthermore, GSP’s execution time closely aligned with the
SLO, whereas MDP’s execution time increased less than GSP,
demonstrating MDP’s conservative approach in not overburden-
ing work-nodes. Moreover, MDP’s results closely approximated
the Optimal, indicating satisfactory outcomes within polynomial
time.

In addition, we collected serverless-specific metrics for MDP
and GSP, focusing on the cold start rate. Since both MDP and
GSP possess the capability to preprocess the placement of func-
tion containers upon the first workflow invocation, subsequent
function containers can be pre-warmed in the work-nodes they
are destined to occupy. This pre-warm strategy was employed
in our experiments. Without adopting any additional pre-warm
strategies and utilizing OpenWhisk’s original 10-minute keep-
alive time, both MDP and GSP effectively reduced the work-
flow’s cold start rate.

Figs. 13 and 14 illustrate the cold start rate of the four work-
flows when newly invoked in the clusters. Partially prewarmed
containers refer to containers whose invocation occurs before
the prewarming process concludes. In general, both MDP and
GSP demonstrated the capability to decrease the cold start rate
of workflows. GSP’s cold start rate is higher due to the inability
to prewarm functions in the dynamic parts. Since reducing cold
start is not the main focus of this paper, no further comparisons
or discussions on this aspect will be provided.

C. Evaluation for SLO Guaranteeing

The pivotal concern for MDP and GSP lies in ensuring the
Service Level Objectives (SLO) of workflows. To assess this,
we manipulated the cluster’s average system pressure, ranging
from 30% to 70%, simulating various busy statuses within the
serverless cluster. Note that they are all in fact dynamic pressures
as stated in Section VII-D. Additionally, we expanded the SLO
constraint to 1.5 times the original. Subsequently, we executed
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multiple instances of the four workflows, with MDP and GSP  requirements. Variances in SLO violation distributions were ob-
orchestrating container placement within the cluster. Violation served among different workflows in the heat maps. ImagePro-
rates were meticulously recorded under each condition, reveal-  cess exhibited a relatively even distribution, where an increase
ing insights presented from Figs. 15 to 18 for MDP and Figs. 19  in system pressure and a reduction in SLO time both contributed
to 22 for GSP. to a noticeable rise in violation rates. AICV displayed height-

As depicted in the graphs, both MDP and GSP performed ened sensitivity to SLO time after the system pressure reached
admirably, showcasing acceptable SLO violation rates ranging  50%, while NodeBackend demonstrated greater sensitivity to
from O to 0.4, contingent upon system pressure and SLO time system pressure after the SLO time dropped below 1.3. Notably,
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MDP and GSP excelled within their respective scenarios, with
discernible differences in SLO violation rates, showcasing in-
stances where GSP’s results lagged behind MDP. The reason
GSP performs slightly worse than MDP is attributed to its
inability to account for the impact of dynamic functions, thus
rendering its placement less optimal. However, it’s important to
note that the deterioration is not significant, as GSP’s greedy
strategy still functions well locally.

D. Evaluation for Cache Memory Saving

MDP and GSP aimed to optimize cache memory usage,
thereby reducing the overall memory consumption of the clus-
ter. Experiments were conducted to observe the cache/buffer
memory-saving effects, as depicted in Figs. 23, 24, 25 and 26. In
these figures, the original cache memory is the total cache/buffer
memory consumption of the workflow when scheduled using
WiseFuse (630 MB, 450 MB, 764 MB and 1930 MB). We
selected this metric because WiseFuse evenly places contain-
ers, leading to the highest consumption of cache memory. The
“Memory Saved” metric is the original cache memory size re-
duces cache memory size achieved by our placement strategies.
These values are normalized for better comparison. The illus-
trations of figures revealed the statics of buffer/cache memory
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conservation in response to increasing system pressure. Notably,
as system pressure escalated, both MDP and GSP exhibited a
tendency to distribute containers across more work-nodes, mit-
igating SLO violations but concurrently leading to a reduction
in saved cache/buffer memory. Despite the saved memory not
reaching the Optimal value, both MDP and GSP demonstrated
efficacy.

MDP achieved remarkable memory savings, reaching up to
89.5% compared to the Optimal strategy. Even under high
pressure, GSP achieved a commendable 63% memory savings
compared to the Optimal strategy. It’s important to note that
the introduction of dynamic contexts introduced an element of
uncertainty, leading to suboptimal results. Integrating these find-
ings with the analysis in (Section VII-C), it can be inferred that
both MDP and GSP prioritized SLO adherence while striving to
maximize memory sharing.

E. Sensitivity Analysis

In this section, we assess the sensitivity of MDP and GSP.
The impact of MDP and GSP, particularly in terms of saving
buffer/cache memory, relies on the sharing of container image
layers among workflow functions. However, the summing of
CPU pressure by placing functions together may prevent MDP
and GSP from doing so. To examine how this influences the
performance of MDP and GSP, we conducted additional ex-
periments. The work-nodes were configured to have resource
occupancy between 40% and 60%, as described in Section
VII-B. In addition to the selected workflows mentioned earlier,
we included another 21 workflows obtained from [22], [27],
[28]. In total, we had 25 workflows, covering a range of com-
mon page ratios and CPU pressures displayed in Fig. 27. The
common page ratio represents how much pages of a workflow
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are the same, using page size for calculation. The workflow CPU
pressure is the workflow’s total pressure to the cluster.

These workflows were processed and invoked, and we col-
lected data of their Cache Memory Sharing Ratio, representing
the percentage of buffer/cache memory shared, which would
mean memory saving. The results are presented in Fig. 27 for
MDP and Fig. 28 for GSP. The color and size of the scatter
plots represent the values of the Cache Memory Sharing Ratio.
Fig. 28 differs slightly from MDP as dynamic functions are
not pre-calculated. Clearly, workflows with low overall CPU
pressure and a high common page ratio benefit the most from
MDP and GSP. We recommend that workflows with such char-
acteristics actively leverage MDP and GSP. The common page
ratio should better be more than 50%. Moreover, if the average
CPU pressure in the serverless cluster is not high, workflows
with low CPU pressure and a high common page ratio would
also derive significant benefits from these strategies.

FE. Evaluation Summary

In summary, MDP and GSP consistently achieved a bal-
anced state, optimizing both memory sharing and SLO ad-
herence in placing function containers within a cluster. The
inter-container memory sharing within a Directed Acyclic Graph
(DAG) emerged as a crucial factor. Additionally, both algorithms
demonstrated resilience against the impact of system pressure,
effectively navigating potential deterioration in performance.

VIII. RELATED WORK

Locality of serverless computing: The optimization of server-
less platforms through the strategic utilization of data and func-
tion locality has emerged as a significant area of research [5].
Abad et al. introduced a package-aware scheduling algorithm
aimed at assigning functions requiring the same package to the
same worker node [33], a concept further explored by Aumala
et al. in [34]. Alexander and Prateek delved into a trade-off
analysis involving locality, load distribution, and randomness
in function placement [35]. Palette, introduced by Abdi et
al. empowers users to manually control the locality of FaaS
Apps, demonstrating improved performance by eliminating cold
starts [36]. However, these studies often overlook the potential
benefits of memory sharing between functions, and the impact
on CPU pressure is frequently disregarded.

Memory sharing and deduplication: Prior research has con-
centrated on memory deduplication within FaaS platforms.
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Bravo et al. conducted a survey on library sharing among
containers [37]. Qiu explored the potential and mechanisms of
memory sharing for serverless functions [38]. Li et al. designed
TETRIS, a framework leveraging memory sharing for inference
services, resulting in significantly reduced memory usage [39].
Saxena et al. proposed a novel approach to identify mem-
ory redundancy and reduce duplicated memory footprint [36].
FaaSPipe proposes a serverless workflow runtime leveraging
a simplified distributed shared memory, achieving high re-
duction in workflow latency less network traffic [40]. Andrea
et al. introduces a container-based serverless architecture with
a shared-memory approach and message-oriented middle-
ware [41]. However, these initiatives often overlook the com-
putational pressure introduced by sharing and fail to address the
crucial trade-off between sharing and performance. Addition-
ally, the profiling of runtime memory blocks, a common practice
in the sharing approaches above, may pose safety concerns and
result in extended processing times.

Scheduling, DAG partitioning, and SLO-memory trade-
off: Carver et al. introduced Wukong, utilizing decentralized
scheduling for parallel task scheduling [42]. Wisefuse [11]
bundles and fuses vertices in Serverless Directed Acyclic
Graphs (DAGs) to minimize data transfer latency and
enhance performance. Faastlane [9] accelerates FaaS DAG
execution by invoking functions within a single Virtual Ma-
chine (VM). Aquatope [43] employs Bayesian Optimization
(BO) to determine the optimal resource configuration. Pho-
tons [30], StepConf [6], Li [44] and Astra [45] aim to
balance function memory configuration and overall Service
Level Objective (SLO) using heuristic, Al-based, or prediction
methods.

In comparison, our contribution actively harnesses sharing
among serverless functions while proactively addressing per-
formance degradation resulting from work-node pressure. We
provide innovative solutions to manage this trade-off, achiev-
ing a resource consumption footprint that satisfies the required
Service Level Objectives (SLO). Through our approach, we nav-
igate the delicate balance between efficient resource utilization
and guaranteed performance standards.

IX. CONCLUSION

In this paper, we propose a system built upon OpenWhisk
that implements MDP and GSP, two container placement algo-
rithms specifically tailored for both static and dynamic serverless
workflows. These algorithms take into account considerations
of memory sharing and SLO requirements. MDP, boasting an
approximation ratio of 2, leverages the sharing locality inher-
ent in serverless workflows by strategically partitioning the
Directed Acyclic Graph (DAG) into sub-graphs. On the other
hand, GSP adopts a greedy strategy at both the graph and step
levels to co-locate containers effectively. Our evaluations on
the OpenWhisk platform involved multiple well-constructed
workflows. Comparing the results with baselines, we observe
that both algorithms achieve a harmonious balance between
memory sharing and SLO guaranteeing. Noteworthy memory
savings are realized while ensuring that the workflow’s SLO
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is consistently met. Additionally, the design of both algorithms
ensures polynomial time complexity, making them efficient and
practical for real-world implementations.
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