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Abstract—As software systems evolve, monolithic applications
are often transformed into a collection of lightweight and
loosely-coupled microservices. Understanding the intricacies
of microservices is crucial for optimizing their deployment.
Unfortunately, existing research and literature often fail to pro-
vide a comprehensive analysis of microservice performance and
resource utilization, particularly when it comes to addressing
performance imbalances across microservice containers within
large-scale production clusters.

This paper aims to address a critical research gap by
conducting an extensive analysis of performance imbalances
within Alibaba’s clusters, utilizing response time as a key
indicator. Additionally, we investigate the issue of utilization
imbalance. Our study reveals that a substantial number of
microservices suffer from performance imbalances, primarily
attributed to disparities in node resource utilization and uneven
communication overhead resulting from inter-node requests.
Furthermore, we identify that offline jobs significantly con-
tribute to the imbalanced utilization of node resources. Based
on our findings, we propose a novel joint optimization designed
to minimize inter-node requests. By adopting this optimization,
we aim to enhance the end-to-end performance of the system.

1. Introduction

Nowadays, microservice architecture is becoming in-
creasingly prevalent [5], [9], [12], [13], [20], [21], [22], [23],
[25], [33], [34], due to its ease of maintenance, cross-team
development, friendly deployment and so on. Currently,
leading cloud service providers like AWS and Alibaba have
begun to offer an off-the-shelf microservices architecture
for users, simplifying their application deployment pro-
cesses [1], [4], [6].

In order to effectively utilize microservice architecture,
several benchmarks have been developed to explore its key
characteristics, including Train Ticket [35], Acme Air [30],
pSuite [27], and DeathStarBench [11]. These benchmarks
offer comparisons between microservices and monolithic
applications, focusing on network overhead [30], the ef-
ficiency of remote procedure calls [27] and the impact
on performance implications on and hardware performance
[11]. Additionally, a microservice simulator has been devel-
oped to clone micorservice based on their runtime metrics
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[14], thereby replaying the characteristics of microservice.
These studies only provide insights into relatively small-
scale clusters, and their results do not necessarily apply
to production environments. The existing trace analysis on
microservice [18], [19] mainly focus on analyzing graph
dependencies between microservices, while comprehensive
analysis of microservice imbalances remains limited.

In production clusters, it is common for a microser-
vice to be deployed across hundreds of containers [18],
[19]. From the end users’ standpoint, performance im-
balances among containers of the same microservice can
significantly contribute to high variances in response time
(RT), ultimately leading to long tails and violating Service
Level Agreements (SLAs). From the perspective of service
providers, an imbalance in resource utilization among mi-
croservice containers necessitates the deployment of addi-
tional containers, thereby diminishing the overall efficiency
of the cluster. Consequently, there is a crucial need to
thoroughly investigate and address imbalances among mi-
croservice containers.

This paper presents a comprehensive analysis of mi-
croservices deployed in Alibaba clusters, with a specific
focus on identifying imbalances in both performance and
resource utilization. Our investigation encompasses a wide
range of imbalances, including those at the container and
physical machine (referred to as “node”) levels, as well as
workload imbalances. In the meanwhile, we pay particular
attention to performance imbalances in terms of response
time (RT) across containers of the same microservice. We
highlight the significant impact of node utilization imbal-
ances and inter-node communication on RT performance.
Based on our analysis, we propose a novel joint optimization
that aims to reduce inter-node communication. We illustrate
our studies and the important findings in the following.

CPU utilization among physical servers in Alibaba
clusters exhibits a significant and periodic imbalance,
reaching up to 35%, primarily due to short-term offline
jobs. Given that online services typically experience lower
activity levels around midnight, a large number of offline
jobs are scheduled into clusters to optimize resource effi-
ciency [17]. These jobs, often short-term, can easily cause
imbalance on resource usage among nodes (Section 3).

Load balancing across microservice containers can be
attained even when an upstream microservice connects
to only a limited subset of downstream microservices.



The Alibaba cluster employs a long-lived connection RPC
between microservices to reduce the overhead of recon-
nections. To prevent an overwhelming number of connec-
tions between microservices, an upstream microservice is
designed to connect only to a small set of downstream
microservices. The characterization results demonstrate that
load balancing can be effectively achieved on a global scale.

Performance imbalances in microservices is heavily
related to uneven resource utilization across physical
nodes. Though it is possible to maintain load balance
among containers of each microservice, performance dispar-
ity among these microservice containers remains a concern.
This variation is intensified in the end-to-end (E2E) latency,
particularly as a single request can trigger a sequence of calls
between multiple microservices. Consequently, to mitigate
these performance imbalances across microservices, it is
crucial to formulate a more refined strategy for the develop-
ment of a sophisticated, unified resource orchestrator [17].
This orchestrator should ensure balanced resource utilization
across nodes within the cluster.

Effective scheduling and load-balancing policies can
lead to a remarkable improvement of up to 75% in
microservice RT. By minimizing communication overhead,
which can be substantial for lightweight microservices,
careful co-locating scheduling and load-balancing policies
can effectively enhance overall performance. Specifically,
optimizing the co-location of microservice pairs that handle
significant communication traffic can yield substantial per-
formance gains. Thus, it is crucial to develop an intelligent
strategy that harnesses the power of co-location to achieve
high RT performance.

To summarize, we have made the following contribu-
tions in this paper:

o« We present a comprehensive study focusing on re-
source utilization (Section 3), workload (Section 4),
and microservice performance (Section 5) in large-
scale production clusters.

e We provide an in-depth analysis of microservice co-
location, yielding valuable insights into microser-
vice scheduling and resource management strategies
(Section 6).

e We propose a new joint optimization idea that com-
bines scheduling policy and load-balancing policy to
improve the end-to-end performance of the system
(section 7).

2. Background

2.1. Microservice Architecture

Microservice architecture represents a loosely coupled
architectural approach designed specifically for cloud-native
applications. This approach involves breaking down a tra-
ditional monolithic application into multiple small, inde-
pendently deployable microservices. This division allows
for a more granular management of the application. It is
worth noting that each microservice within the application
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Figure 1: CDF of Coefficient Variation for container CPU
(memory) utilization of a microservice.

can be executed in multiple containers, and each container
is assigned to a physical machine referred to as a node,
which may accommodate multiple containers. By dynami-
cally adjusting the number or size of containers, the system
administrator can easily allocate resources to a particular
microservice without impacting other components.

Response time. The E2E latency of a service stands as
a paramount metric for user satisfaction. Typically, service
providers adopt the 99" or 95" percentile E2E latency
of all requests as a SLA. The E2E latency of a request
comprises the cumulative RT of the microservices involved
in processing the request. Each microservice’s RT is defined
as the time elapsed from when it receives the request to
when it returns the response. In order to minimize the overall
E2E latency of a service, system managers must reduce
the RT of each microservice by augmenting their allocated
resources or other methods.

2.2. Alibaba Trace Overview

Alibaba offers a comprehensive dataset [3] spanning a
duration of 13 days, obtained from two hybrid schedul-
ing clusters proficient in handling both online and offline
tasks. This dataset comprises a wide array of data derived
from thousands of microservices and nodes, providing a
representative and up-to-date depiction of a typical mi-
croservice cluster. It should be noted that certain data in
the dataset has undergone normalization, rendering absolute
values unattainable. Alibaba monitors microservice perfor-
mance at the container level [2], capturing data at one-
minute intervals. This data includes both Query Per Second
(QPS) and RT metrics.

3. Resource Utilization Imbalance Analysis

As introduced in Section 1, service providers aim to
enhance cluster resource utilization while guaranteeing that
SLA requirements are met for all users. In Section 2.1,
we present that a microservice may encompass hundreds
of containers spread across diverse nodes. It is noteworthy
that uneven resource utilization among containers can have
a substantial impact on microservices [19]. This imbalance
becomes particularly critical when considering SLA require-
ments and total resource efficiency. Specifically, imbalanced
performance typically generates long-tail RT distribution
for individual microservices and therefore make service
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Figure 2: CDF of Coefficient Variation for node CPU (mem-
ory) utilization.
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Figure 3: The imbalance of node utilization undergoes tem-
poral variations.

E2E latency violates SLA requirement. Prompting service
providers to allot supplementary resources, and thus reduc-
ing resource efficiency. Our analysis conducted on Alibaba’s
data revealed the following findings: (i) nearly 80% of
microservices experience up to 1.25x resource utilization
imbalance at the node level, and (ii) there is a conspicuous
periodicity regarding CPU utilization imbalance at the node
level.

3.1. Spatial Analysis

3.1.1. Resource utilization across containers. In order to
assess the imbalances of resource utilization among contain-
ers of each microservice, we use the coefficient of variation
¢y as a metric, which can be expressed as follows:

cy =0/ €))

Here, 0 and p denote the standard deviation and mean of
a given dataset, respectively. We calculate the ¢, based on
the resource utilization data of all containers belonging to
the same microservice at a given moment. In Fig. 1, we
present the cumulative distribution function (CDF) of the
¢y for CPU and memory resource utilization. The CDF
demonstrates that 80% of microservices have a ¢, value
of 0.06 or less for CPU utilization, indicating minimal
variation. Furthermore, the majority of microservices exhibit
negligible variation in memory utilization, suggesting well-
balanced container resource utilization.

Alibaba maintaining a well-balanced resource utilization
of containers by equally distribute workload among all
containers of a microservice. Designing such a workload
balancer for large-scale clusters is a complex task, in Section
4, a detailed discussion is provided regarding the interesting
load-balancing mechanism utilized by Alibaba.

3.1.2. Resource utilization across nodes. There is a no-
table imbalance in resource utilization among nodes where
the same microservice is deployed. As each container of
a microservice is assigned to a specific node, different
containers of the same microservice may experience varying
levels of resource interference on their respective nodes.
To evaluate this imbalance, we calculate the ¢, based on
the resource utilization data of all nodes deployed with the
same microservice at a given moment. Fig. 2 illustrates
that 80% of microservices may suffer from a ¢, of more
than 0.25 in node CPU utilization. Additionally, 80% of
microservices experience a ¢, of no less than 0.15 in node
memory utilization, which is comparatively lower than that
of the CPU utilization. This substantial variation can lead
to unbalanced resource interference, causing a severe impact
on container performance.

Scheduling strategy of Kubernetes is one of primary
reasons behind this phenomenon, it schedules containers to
nodes based on the capacity of nodes, without considering
the actual utilization of the nodes. This lack of consideration
for utilization contributes to the observed imbalance phe-
nomenon. Furthermore, [19] presented that hybrid schedul-
ing is widely adopted and cluster manager often co-locate
batch jobs with online services on the same node. Batch job
containers usually occupy much more resources, while con-
tainers from online services only consume a small amount of
resources [17]. These differences in resource consumption
patterns further exacerbate the overall imbalance in resource
utilization among nodes.

This imbalance in resource utilization also presents op-
portunities for optimizing resource allocation. System man-
agers can improve container performance by strategically
placing them on low-utilization nodes.

3.2. Temporal Analysis

3.2.1. Node utilization over time. Another notable obser-
vation is the presence of a distinct periodicity in the variation
of node CPU utilization. Fig. 3 illustrates the imbalance in
resource utilization, as measured by the ¢, across different
hours. Each vertical red line denotes midnight, representing
a new day. The average CPU and memory utilization im-
balances for each hour are depicted by the blue and green
lines, respectively. Additionally, the normalized CPU and
memory utilization are represented by the yellow and red
lines, respectively. Analysis of the figure reveals that the
imbalance of CPU utilization escalates between the hours
of 10 p.m. and 6 a.m., coinciding with a corresponding
increase in node CPU utilization during the same time
period. In contrast, the memory utilization and its imbalance
remain relatively stable throughout and do not exhibit any
discernible periodic characteristics.

The observed CPU utilization imbalance can be at-
tributed to the presence of batch jobs during the designated
time period. This relationship is demonstrated in Fig. 4,
which displays the workload pattern over time. It is evident
that the workload experiences a significant drop from 10
p-m. to 6 a.m. Accordingly, Alibaba cluster manager taking
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Figure 4: The imbalance of workload undergoes temporal
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Figure 5: The imbalance of container utilization undergoes
temporal variations.

advantage of this period of reduced workload, strategically
schedules more batch jobs during these hours. Consequently,
the higher CPU utilization and subsequent node utilization
imbalance can be attributed to this deliberate utilization of
computational resources during the specified time period.

3.2.2. Container utilization over time. Contrarily, the uti-
lization of container resources exhibits a stable pattern over
time. Fig. 5 illustrates the variation in container resource
utilization as time progresses. In contrast to the node re-
sources utilization, the container resource utilization does
not display significant periodic characteristics.

4. Workload Imbalance Analysis

The balanced utilization of container resources of each
microservice, previously discussed in Section 3, implies a
fundamental equilibrium among the workloads assigned to
all containers. In this section, we conduct a comprehen-
sive analysis of the workload distributed across all mi-
croservice containers to understand Alibaba’s load balancing
mechanism. Our investigations suggest that UM containers
strategically initiate connections with around 5% of DM
containers only in Alibaba’s cluster. Despite this selective
connectivity approach, the workload is efficiently distributed
among the DM containers, thus assuring a balanced work-
load distribution across the containers.

4.1. Spatial Analysis

In a microservice system, UM will send requests to
DM containers for processing, these requests are considered
as the workload for DM containers. Load balancers will
determining how to distribute the workload across different
containers. Alibaba provides QPS data for individual con-
tainers, allowing us to analyze the workload of containers
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Figure 6: CDF of Coefficient Variation for container work-
load of a microservcice.
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of the same microservice and assess the degree of workload
imbalance present in that microservice. We employ the ¢,
mentioned in (1) and gather QPS values of all containers
belonging to the same microservice at a given moment as
the dataset.

In Fig. 6, we present the CDF of the ¢, of workload
across containers of each microservice. The results indicate
that approximately 80% of microservices exhibit a c, less
than 0.2 for workload, which suggesting the workload of
most microservices is predominantly evenly distributed in
DM containers. However, maintaining an even distribution
of workload in a large-scalse cluster is a significant chal-
lenge. Currently, RPC is one of the most widely used
protocols for communication between containers in a mi-
croservice system. It is built on top of the HTTP/2.0 pro-
tocol [8], which inherently supports long-lived connections.
Consequently, in a microservice system, UM containers will
often establish long-lived connections with DM containers.

In a large-scale microservice system, a DM may be used
by hundreds of UMs, each of which may own hundreds
of containers. However, due to resource limitations, DM
containers can’t maintain connections to all UM containers,
and this can lead to service unavailability. To figure out
how Alibaba addresses this challenge, we count and analyze
the connections between UM and DM containers by tracing
their requests. If a UM container does not send any requests
to a particular DM container, it is assumed that there is
no connection between them. In Fig. 7, we illustrate the
distribution of the average percentage of connected DM
containers for every UM-DM pair. The graph reveals that
a significant number of UM-DM pairs utilize half or all of
the available DM containers. Conversely, most of other UM-
DM pairs prefer to use within 40% of the DM containers.
Additionally, the cyan line represents the mean number of
DM containers for different utilization of DM containers. It
is evident that as the number of DM containers increases,
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the percentage of utilized DM containers decreases. Notably,
when there are approximately 100 DM containers, UM
containers tend to connect to only 5% of them.

Based on the previous analysis, we can now examine
Alibaba’s workload balancing technique. In this technique,
each UM container establishes connections with a subset
of DM containers, and evenly distributing requests among
them. Furthermore, a load balancer is employed to manage
the connections of each UM container, ensuring an overall
workload balance across the DM containers. This design
effectively addresses the issues of workload imbalance and
excessive connections. However, it necessitates meticulous
design considerations for the load balancer and introduces
heightened complexity to the network topology.

4.2. Temporal Analysis

It is worth noting that the workload itself exhibits strong
periodicity, whereas its imbalance does not. As depicted in
Fig. 4, the cyan line represents the normalized workload,
while the purple line represents the imbalance of workload.
During the time period from 10 p.m. to 6 a.m., the workload
diminishes to approximately one-third of its peak value,
while the workload imbalance remains consistent.

At 272 and 281 hours, we observe the presence of two
peak workloads, which are 33% and 40% higher than the
normal workload, respectively. During these two hours, the
workload imbalance also increases. One may assume that
the imbalance is caused by new containers that deployed to
handle the peak workload, which may need time to warm
up and establish connections. However, we have examined
the number of containers during these hours and found that
there are no changes. Since the workload imbalance is not
attributable to the addition of new containers, it is likely
that the load balancer is responsible for this imbalance, as
it appears to struggle in managing extremely high workloads
effectively.

5. Performance Imbalance Analysis

As discussed in Section 1, RT imbalance can easily
lead to SLA violations, causing dissatisfaction among end-
users. Therefore, we delve into a container-level analysis of
performance imbalance in this section, focusing on the RT
of individual containers. Our findings reveal a considerable
performance imbalance among containers belonging to the
same microservice as much as 1.25x. Moreover, this per-
formance imbalance becomes even more obvious when the
containers are assigned across multiple nodes, as much as
1.5x. Additionally, we have observed that the performance
imbalance exhibits periodicity and is closely associated with
imbalances of node utilization.

5.1. Spatial Analysis

In the Alibaba trace data, mean RT values are provided
for individual containers in one-minute intervals. Fig. 8
illustrates the CDF of performance imbalance for microser-
vices, measured by the ¢, of RT. The yellow line represents
microservices that have all containers located on a single
node, whereas the purple line represents microservices with
containers assigned across multiple nodes.

Building upon the findings from the resource analysis
(Section 3) and workload analysis (Section 4) conducted
in Alibaba clusters, it is evident that resource utilization
and workload balancing between containers are effectively
managed. However, we have identified another critical is-
sue that significantly impacts performance imbalances: the
placement of microservice containers. Fig. 8 visually repre-
sents this phenomenon. When microservices are distributed
across multiple nodes, approximately 25% of them exhibit
a ¢, for response time (RT) greater than 0.5, indicating
a notable imbalance. In contrast, when all containers of
a microservice are located on a single node, as much as
90% of them demonstrate a ¢, value within 0.25 for RT,
highlighting a significantly lower level of imbalance.

This RT imbalance presents opportunities for further op-
timization of resource allocation and scheduling algorithms.
In current microservice systems, there is a focus on the
99" or 95" percentile of RT in general. By balancing the
performance between containers, it is possible to reduce the
99'" and 95" percentile of RT, even if the overall resource
usage remain unchanged.

5.2. Temporal Analysis

We have also conducted an analysis of performance
imbalance from a temporal perspective, as depicted in Fig.
9. The yellow and purple lines represent the c,, illustrating
the performance imbalance of single-node microservices and
multi-node microservices, respectively. The graph reveals
that the performance imbalance of multi-node microservices
exhibits strong periodicity. It tends to increase from 10 p.m.,
reaching its peak at 2 a.m.

When comparing this result with node resouce imbal-
ances illustrated in Fig. 3, a correlation emerges between



the imbalances in performance of multi-node microservices
and node CPU utilization, indicating that performance im-
balance are influenced by imbalance in node CPU utiliza-
tion. Conversely, the performance imbalance of single-node
microservices exhibit stability and remain unperturbed by
imbalance in node CPU utilization. In the following section,
we offer a potential solution to reduce performance imbal-
ance by strategically selecting suitable nodes for container
assignment.

6. Characterizing the Key Factors behind Per-
formance Imbalances

In Section 5, we have demonstrated the considerable
performance imbalance is mainly caused by the location of
microservcice containers. This location has a heavy impact
on two factors: (i) variations in resource utilization among
nodes, and (ii) network latency. These two factors can
greatly affect performance and thus lead to performance
imbalances. In this section, we will delve into how and to
what extent these two factors affect performance.

6.1. Unbalanced Resource Interference

In Section 3, we have demonstrated that containers
belonging to the same microservice may experience varying
levels of resource interference on different nodes. To ana-
lyze the correlation between node resource utilization and
container performance, we employ the Pearson Correlation
Coefficient (PCC), which is defined in the following for-

mula:
>oi(ri = 7)(pi — P)
orop(n—1)

Prp = ) 2
where 7 and p represent the resource utilization dataset and
the performance dataset of a microservice, respectively. Both
datasets have a size of n. The mean and standard deviation
of r and p are denoted as 7, p, o,, and o), respectively.
The value p,, represents the correlation between resource
utilization and performance.

We still utilized RT as the performance indicator. Fig.
10 illustrates the CDF of the correlation between perfor-
mance and CPU/memory utilization in blue and green lines
respectively. The correlation between node CPU utilization
and container performance is found to be highly significant.
Approximately 50% of microservices exhibit a correlation
coefficient larger than 0.75 between performance and node
CPU utilization. On the other hand, the correlation between
node memory utilization and performance is relatively low,
but still considerable. There are around 20% of microser-
vices demonstrate a correlation coefficient greater than 0.5
in this regard.

Given the strong relationship between resource utiliza-
tion and performance, it is crucial for system managers to
prioritize node interference when assigning containers to
nodes. The current Kubernetes scheduler focuses on bal-
ancing the overall allocated resources across nodes but does
not consider the actual node resource utilization. If clus-
ter managers can achieve a balance in resource utilization
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among nodes, containers are more likely to exhibit balanced
performance.

Furthermore, as illustrated in Fig. 10, it is evident that
different microservices display varying levels of resource
sensitivity. Notably, around 30% of microservices demon-
strate a lesser degree of sensitivity towards memory. Con-
sequently, assigning these containers to nodes with high
memory utilization would not degrade their performance too
much. This strategic assignment approach can reduce service
E2E RT and optimize the overall performance of containers.

6.2. Network Latency

When two containers are assigned to the same node,
the network latency associated with data exchange between
them is minimal. However, when one container needs to
communicate with another assigned to a different node, the
inter-node network latency can considerably impact perfor-
mance. To quantify this cost, we examine the RT of DM
for both inter-node and intra-node requests made by the
same UM-DM pairs. It is crucial to underscore that while
calculating the RT of DM, it is necessary to exclude the
RT contribution by the "DM of DM” to ensure accurate
measurement. Such a quantification can be achieved by
analyzing the requests’ rpcID and tracelD.

In Fig. 11, we present the CDF of ratios between intra-
node RT and inter-node RT of the same UM-DM pairs.
The graph illustrates that approximately 80% of requests
experience a significant RT decrease of more than 50% when
they are intra-node requests. However, even though some
requests are intra-node requests, they exhibit higher RT.

There exist two optimizations regarding the issue of
network latency: (i) Packing UM containers and their fre-
quently accessed DM containers together and placing them
on the same node. (ii) Directing UM workload to intra-
node containers as much as possible. In addition to these
optimizations, it is crucial to address resource utilization
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imbalances among containers and nodes, which presents
a significant challenge. To tackle this challenge, we have
proposed a new optimization idea, which will be presented
in the following section.

7. Joint Optimization for Minimizing Inter-
node Communication

As discussed in Section 6, the deleterious impact of
inter-node network latency on container performance is
conspicuously evident. This highlights the need for a care-
fully crafted optimization aimed at minimizing inter-node
communication. However, this endeavor is inherently com-
plex and requires the harmonious coalescence of multiple
policy paradigms, including load balancing and scheduling
policies. The confluence of these multiple facets within
a comprehensive optimization model presents formidable
challenges. Consequently, this section offers a basic con-
ceptual framework that emphasizes the central importance
of such a joint optimization. Subsequently, experiments are
conducted to substantiate the efficacy of various policies.

7.1. Experiment Setup

The experimental investigations herein are conducted
using the social network application culled from the open
source microservice benchmark, DeathStarBench [11]. This
benchmark consists of a corpus of 36 different microservices
that span three different service functionalities: Compose-
Post, UserTimeline, and HomeTimeline.

A tiny Kubernetes cluster is meticulously assembled,
consisting of four physical machines, each assigned to dis-
crete operational roles: one for the master node, another
for deploying stateful microservices, and the remaining two
for deploying stateless microservices. All physical machines
have identical hardware configurations, with 20 CPU cores
and 32 GB of RAM. Notably, two of these machines,
designated NI and N2, are dedicated to the deployment
of stateless microservices, with each container having a
resource footprint of 1 CPU core and 2GB of RAM.

Throughout the experimental campaign, an aggregate
query rate of 800 queries per second (QPS) is generated
and directed to the application. Notably, one-fourth of this
massive query influx is directed to the HomeTimeline ser-
vice, while the remainder is directed to the UserTimeline
service. It is important to note that this query rate reflects

the resource consumption patterns observed in production
cluster environments.

7.2. Joint Optimization Policies

The instantiated joint optimization involves a two-step
approach. First, it involves the judicious assignment of each
container to an appropriate node within the cluster. Subse-
quently, it requires fine-tuning the workload distribution be-
tween UM and DM to achieve optimal results. In the context
of this research, the UserTimeline (UT) and HomeTimeline
(HT) services are used as illustrative examples. The topo-
logical relationship between UT and HT, highlighted in Fig.
12a, shows that UT and HT have distinct UM components,
denoted as U and H, respectively, while sharing a common
DM denotation as P. The workloads from U to P and from
H to P are characterized by query rates of 600 QPS and 200
QPS, respectively. It should be emphasized that all container
instances are deployed exclusively on either NI or N2, so
the primary objective of this study is to determine the most
efficient allocation scheme and workload configuration.

In our investigation, we consider the use of three differ-
ent policies:

« Fully Randomized: Randomly assign containers to
nodes, evenly distribute workload to containers.

« Random Assignment, Workload Aware: Ran-
domly assign containers to nodes, distribute work-
load to intra-node containers first.

o Assignment Aware, Workload Aware: Strategi-
cally packing containers on same nodes, distribute
workload to intra-node containers first.

A scenario resulting from the Fully Randomized policy is
shown in Fig. 12b. As can be seen in the figure, containers
are randomly assigned to either N/ or N2, and the UM
workload is evenly distributed across all containers of the
DM P. To visually distinguish between intra-node and inter-
node workloads, we use black lines to denote the former
and red lines to denote the latter. Notably, this particular
optimization policy results in a cumulative inter-node query
rate of 400 QPS.

The worst scheduling result of the Random Assign-
ment, Workload aware policy is shown in Fig. 12c. The
figure shows that this scheduling result still randomly as-
signs containers to N/ and N2, but it controls the workload
between UM and DM containers. All workload from UM U
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Figure 13: E2E latency of HomeTimeline and UserTimeline
(95" percentile).

is limited to containers P3 and P4, which are on the same
node of Ul and U2. Therefore, the UM U doesn’t send
any inter-node workload, resulting in the total inter-node
workload being reduced to 200 QPS.

Finally, the Assignment Aware, Workload Aware pol-
icy provides the optimal solution to this example. By as-
signing HI (H2), Ul (U2), PI (P3), and P2 (P4) to the
same node, with limiting the workload to the same node
containers, this policy achieves absolutely no inter-node
workload.

The experimental results for the three different policies
are shown in Fig. 13. As can be seen in the figure, the
Assignment Aware, Workload Aware policy shows a sig-
nificant reduction in E2E latency (95" percentile) of over
4x and 1.6x compared to the Fully Randomized and Ran-
dom Assignment, Workload Aware policies, respectively.
A comparative analysis between the Random Assignment,
Workload Aware and Fully Randomized policies reveals
that the mere adoption of workload control results in a
significant 2.6 x reduction in E2E latency (95" percentile).

In summary, the formulation of a joint optimiza-
tion aimed at minimizing inter-node communications has
emerged as a key factor in improving container performance.
However, achieving optimal results requires a meticulous
examination of the microservice call graph and the resolu-
tion of container co-location challenges, underscoring the
complexity inherent in modeling. Nevertheless, the concept
of a joint optimization remains a promising avenue for
improving performance and merits further exploration.

8. Related Work

Microservice benchmarks. Previous research has em-
ployed benchmarks such as Ditto [15], uqSim [32], and
DeathStarBench [11] for the purpose of simulating microser-
vices’ behavior through diverse methodologies. In particular,
Gan et al. introduced an automated framework designed to
replicate end-to-end cloud services, enabling the represen-
tation of their behavior across hardware, I/O, networking
layers, and the operating system [15]. Conversely, Zhang et
al. presented a scalable simulation approach focused on cap-
turing the interrelationships between microservices and their
associated application semantics. This approach necessitates
users to furnish dependency graphs and a description of
the available server platforms [32]. Furthermore, Gan et al.
conducted an empirical investigation comparing microser-
vices and monolithic applications across various domains,

utilizing the DeathStarBench benchmark as a foundational
element [11].

Inter-node communication analysis. Gan et al. had
demonstrate that network processing time may cost 36.3%
of response time in DeathStarBench, they also improved net-
work processing speed by 10 — 68 x with a FPGA to offload
the entire TCP stack [11]. Shutian ef al. in addition provides
the avidance of co-location can reduce the response time by
22% on average, in some extreme cases, this improvement
can be as high as 80% [18].

Cloud trace analysis. A plethora of studies have been
conducted on the examination of cloud workloads [7], [10],
[16], [17], [18], [19], [24], [26], [28], [29]. Reiss et al.
delved into the heterogeneity and dynamism of the work-
load in the Google cluster. A comprehensive analysis of
workloads in the Alibaba cluster was carried out by Lu
et al. [17], where they explored the equilibrium between
resource utilization, performance, and scheduling scalability.
Shahrad et al. initiated a study on the characteristics of FaaS
workload of Azure Functions, particularly their invocation
frequencies [31]. However, these studies either do not cater
to microservice architecture or lack detailed microservice
information. Existing analyses of microservice trace [18]
primarily concentrate on graph dependencies between dif-
ferent microservices and subsequently construct a stochastic
model to simulate call graphs, based on a unique classifi-
cation of microservice types. Despite this, these studies do
not offer an extensive analysis concerning the performance
and co-location of microservices.

9. Conclusion

Previous research in the field has predominantly ana-
lyzed microservices using benchmarks and simulators [11],
[27], [30], [35] in small clusters or focused on graph de-
pendencies [19]. However, to the best of our knowledge,
this study represents the first comprehensive analysis of
imbalances in microservices deployed in large production
clusters. Our analysis delves into the imbalances in both re-
source utilization and RT performance, providing a profound
understanding of the underlying mechanisms.

Through our investigation, we have discovered that con-
tainer co-location and load-balancing policies significantly
impact RT performance. Building upon these findings, we
propose a novel joint optimization that aims to reduce inter-
node communications, ultimately leading to significantly
improved E2E performance. Our findings open up new pos-
sibilities for enhancing the scheduling and load-balancing
policies of large-scale microservice systems, benefiting sys-
tem providers by reducing costs and end users by improving
performance.

It is important to note, however, that our joint opti-
mization does not present an exact mathematical model.
Therefore, it would be worthwhile to develop such a model
to achieve global optimization.
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