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Abstract

In a unified resource scheduling architecture, containers
within the same microservice often encounter temporal and
spatial performance imbalance when deployed in large-scale
shared clusters. As a result, the commonly employed load-
balancing approach often leads to substantial resource wastage
as applications are frequently over-provisioned to meet ser-
vice level agreements (SLAs).

In this paper, we utilize an alternative approach by lever-
aging load imbalance. The central concept involves the dy-
namic load shifting across microservice containers with a
focus on imbalance awareness. However, achieving seamless
integration between load shifting and resource scaling, while
accommodating the demands of partial connection between
upstream and downstream containers, remains a challenge.
To address this challenge, we introduce Imbres—a new mi-
croservice system that optimizes load shifting, connection
management, and resource scaling in tandem. One signif-
icant advantage of Imbres lies in its rapid responsiveness,
relying solely on online gradients of latency, eliminating the
need for offline profiling. Evaluation using real microservice
benchmarks reveals that Imbres reduces resource allocation
by up to 62% and decreases SLA violation probability by up
to 82%, compared to state-of-the-art systems.
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1 Introduction

Microservices, due to their lightweight and granular nature,
are quickly replacing monolithic applications and becom-
ing the preferred choice for production data centers. Unlike
monolithic applications, microservice architectures consist
of multiple fine-grained components for each application,
offering a broad range of advantages, including streamlined
deployment, faster development, and efficient resource man-
agement [5, 18, 48, 53, 59]. Major internet companies are
widely implementing microservices. For instance, Meta and
Alibaba have deployed over ten thousand microservices in
their data centers, collectively handling millions of microser-
vice invocations on a daily basis [21, 32].

Meanwhile, in modern data centers, there has been a shift
towards a unified scheduling paradigm using a single sched-
uling framework [30]. One distinct aspect of this paradigm is
its ability to enhance the overall resource utilization by sched-
uling both latency-sensitive applications, such as microser-
vices, and best-effort applications, such as batch process-
ing jobs, on the same physical hosts [9]. However, this new
paradigm also leads to an uneven distribution of resource
usage across physical hosts due to the resource-intensive
nature of batch processing tasks, resulting in highly dynamic
and unpredictable resource interference that affects latency-
sensitive applications [31, 32]. Our analysis of Alibaba pro-
duction traces has revealed a significant resource utilization
difference of up to 3.8x within the same host over time and
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an even higher difference of up to 5.2X across physical hosts
during the same period (Fig. 1 in § 2.1). Consequently, perfor-
mance imbalance among containers occurs [12], highlighting
the need for a tailored solution to effectively balance perfor-
mance for each microservice in interfered environments.

Load shifting, which redistributes invocations among con-
tainers, emerges as a promising approach to balance mi-
croservice performance. This load imbalance approach holds
great potential for optimizing overall resource usage, as ex-
emplified in the motivation for load shifting (Fig. 4 in § 2.3).
While load imbalance has been extensively studied in perfor-
mance optimization for monolithic applications, employing
adaptive, pull-based, push-based, and feedback-based load
balancing strategies [7, 13, 14, 27, 40, 45, 51, 54, 59], the com-
plex microservice architecture introduces new challenges at
multiple levels. At the intra-microservice level, it is common
for an individual microservice to be allocated hundreds to
thousands of containers, each experiencing diverse levels
of resource interference within a unified scheduling frame-
work. Consequently, this leads to an expansive search space
for identifying the optimal load shifting among containers
to achieve balanced performance. At the inter-microservice
level, containers establish only partial connections through
remote procedure calls (RPC) between upstream and down-
stream microservices [11, 26]. These partial connections can
exacerbate performance imbalance, particularly for the con-
nections between highly interfered containers. As a result,
these connections need to be jointly managed alongside load
shifting, introducing additional complexity to the system. At
the application level, scaling containers is crucial for meeting
stringent end-to-end (E2E) latency requirements in dynamic
environments. However, scaling can alter the connections
between microservice containers, necessitating extra load
shifting to maintain performance.

In this paper, we introduce Imbres, an Imbalance-aware
resource scaling framework that mitigates the uneven per-
formance interference in microservice applications by lever-
aging proactive load imbalance. To effectively address the
aforementioned challenges, Imbres employs a three-tiered
system. For each microservice, Imbres incorporates a light-
weight iterative load shifting process, which adopts a special-
ized variant of the gradient descent method to rapidly adjust
loads between containers. Guided by real-time feedback on
microservice latency, this process ensures rapid convergence
while maintaining balanced performance across all contain-
ers within each microservice. For each pair of dependent
microservices, Imbres deploys a scalable connection estab-
lishment mechanism, effectively managing connections and
load distributions between related containers. This mech-
anism alleviates contentions by categorizing upstream mi-
croservices into groups based on a performance hash table,
and then applying an efficient algorithm to establish connec-
tions between upstream and downstream containers on a
group-by-group basis. At the application level, Imbres adopts

310

Shutian Luo et al.

a hierarchical approach to scale containers in response to
intensified resource interference or significant changes in in-
vocation arrival rates. This approach begins with a numerical
optimization based on Newton’s method, which calculates
the global amount of resources to be scaled for the entire
application. Subsequently, an iterative method utilizing the
performance hash table is employed to determine the optimal
amount of resources to be scaled for each microservice. More
importantly, Imbres also seamlessly integrates dynamic load
balancing, connection management, and resource scaling,
fostering optimal synergy among these pivotal operations.

Imbres is deployed on both a local cluster and the AWS
cloud, and we conduct comprehensive experiments using
the DeathStarbench [18] and Alibaba production traces [1].
The outcomes reveal Imbres’ effectiveness, showcasing up
to a 62% reduction in resource allocation and a notewor-
thy 82% decrease in SLA violation probability compared to
state-of-the-art systems. In summary, our contributions are
threefold: we introduce a novel load control mechanism,
where Imbres dynamically shifts loads and adjusts connec-
tions among containers to mitigate resource interference
imbalance in microservice applications; we achieve scal-
able joint optimization by concurrently optimizing load
control, connection management and resource scaling us-
ing a tiered approach, ensuring both SLA compliance and
minimized resource allocation; and we enable low system
overhead by making real-time decisions based on effective
performance gradient measurements, distinguishing Imbres
from existing microservice systems that rely extensively on
offline performance models.

2 Background and Motivation
2.1 Microservice Background

A microservice application typically comprises multiple fine-
grained microservices with intricate dependencies [34, 41].
In this section, we explore the characteristics of microser-
vices, including communication between microservices and
resource interference external to microservices.

2.1.1 Partially Connected Containers. To achieve high
performance, microservices typically communicate with each
other via connection-oriented RPC protocols [11, 26]. In
such protocols, a persistent connection is established be-
tween upstream and downstream microservices. However,
maintaining these connections requires significant resources,
including memory for connection states and data buffers.
This overhead becomes particularly substantial in environ-
ments where a microservice might interact with hundreds
to thousands of containers across multiple upstream and
downstream services within a production cluster.

To reduce the overhead of full connection, each upstream
container maintains connections with only a subset of down-
stream containers. Partial connection is a common practice in
production clusters, adopted by companies like Google [52]
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Figure 1. Dynamic variations in resource utilization ob-
served across physical hosts within Alibaba clusters.

and Alibaba [29] as a best practice. The analysis of Alibaba’s
system traces reveals that, on average, each upstream con-
tainer connects to only ten downstream containers, chosen
uniformly at random [29]. Our experiments also demonstrate
that when connected to 200 downstream containers, fully
connected setups increase resource usage by 18% and E2E
latency by 61% compared to partial connection management.

2.1.2 Dynamic Resource Interference. Resource scal-
ing decisions are typically transmitted by the microservice
framework to the unified cluster scheduler [30, 49], which
then determines the placement of the requested contain-
ers on designated physical hosts. In pursuit of enhanced
resource utilization, the unified scheduler frequently con-
solidates online applications and best-effort jobs within the
same physical host to share resources. However, this practice
can lead to potential resource interference for microservices.

To scrutinize resource interference, we conduct an analysis
of the Alibaba trace [32], utilizing approximately 500 physical
hosts over a one-hour period, as depicted in Fig. 1. The results
reveal a considerable variance in resource utilization across
different hosts, ranging from 10% to 80%. Notably, within
the same host, resource utilization is dynamic across various
time slots. Specifically, in terms of CPU utilization, even
physical hosts with low average utilization as indicated in
the top part of Fig. 1 can experience sudden spikes, surging
from 10% to 80% within a single minute.

This highly dynamic resource interference often translates
into performance imbalance among containers affiliated with
the same microservice. To quantify this, we compute latency
variance across containers per microservice and assess inter-
ference imbalance using resource utilization variance across
all hosts. And we further calculate the Spearman correlation
between latency variance and interference imbalance. Our
investigation reveals varying degrees of performance sensi-
tivity to imbalanced resource interference among distinct mi-
croservices, as depicted in Fig. 2. Notably, approximately 50%
of the microservices within Alibaba clusters exhibit a strong
positive correlation between latency variance and imbalance
in resource interference, signifying their susceptibility to
performance impacts caused by dynamic interference.

2.2 Variability in Tail E2E latency

Owing to the performance imbalance among containers from
individual microservices within a shared environment, the
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Figure 3. (a) E2E Latency distribution under different con-
nection schemes and imbalance settings. (b) Variability in
EZ2E latency grows with application complexity.

E2E latency of the entire microservice application can un-
dergo substantial fluctuations. To investigate this phenome-
non, we deploy the Social Network application from Death-
Starbench [18] on a local cluster with three hosts—two ex-
periencing low resource interference and one subjected to
high interference. We apply the default load balancing strat-
egy to evenly distribute load among containers. We then use
iBench [16] to generate best-effort jobs with varying resource
requirements, ranging from 10% to 60% of CPU resources,
memory bandwidth and network bandwidth. We categorize
the resource utilization difference between physical hosts
as either high imbalance (exceeding 30%) or low imbalance
(below 30%). Finally, we calculate the 95th percentile E2E
latency for all applications.

As illustrated in Fig. 3(a), the tail E2E latency under a
fully connected strategy is, on average, 50% lower compared
to the partially connected approach, where each upstream
container randomly establishes connections with 10 down-
stream containers. With partial connection, an upstream con-
tainer may send numerous invocations to other downstream
containers that are also experiencing high interference, po-
tentially leading to prolonged delays. Fig. 3(a) also reveals
that the performance disparity increases with the level of in-
terference, underscoring the critical need for more strategic
connection management between containers.

Fig. 3(b) reveals that the variability in tail E2E latency
within microservice applications increases as the applica-
tion complexity grows, measured by the number of involved
microservices. This pattern is attributed to the nature of a
request traversing through all microservices constituting
an application, where the cumulative impact of uneven per-
formance caused by imbalanced interference and poor con-
nection becomes evident. Notably, microservice traces have
shown that a complex microservice call graph can comprise



ASPLOS 25, March 30-April 3, 2025, Rotterdam, Netherlands

< 6.0
I Imbres Erms 5.0 High Im
¢ | mmm LS+FC K8S HPA ’ Low Im
g3 LS+RC w 4.01— Load Balafice
® ) Q3.0
é 2.0
5 1 I I 1.0
#0 - 0.0
Low High 0.10.20.30.40.50.6 0.7
Imbalance Imbalance Load proportion of each host
(a) (b)

Figure 4. (a) Resource allocation across all schemes, where
LS+RC (LS+FC) denotes incorporating load shifting and ran-
dom partial (full) connection strategy to K8S. (b) Load distri-
bution among different hosts before/after load shifting.

up to 1500 individual microservices [1]. In such cases, the
variance of tail E2E latency becomes high, posing significant
challenges in effective resource scaling that can ensure SLAs.
Consequently, addressing performance imbalance among
microservice containers emerges as a critical imperative.

2.3 Load Imbalance: Opportunities and Challenges

Existing systems have developed various resource scaling
schemes to address imbalanced interference [22, 33, 39, 41, 44,
57, 58]. These systems rely on load balancing, which assigns
an equal load across all containers within each microservice.
Opportunities: We propose that load imbalance could
offer a more resource-efficient approach. The intuition be-
hind this is that, current scaling methods provision resources
uniformly such that the pressure on the straggling contain-
ers (with high-interference) is alleviated, wasting capacity
on low-interference containers. Load imbalance, however,
reduces tail latency by shifting load among containers to
achieve balanced performance. To validate this idea, we con-
ducted an additional experiment, similar to the one described
in § 2.2. For resource scaling, we utilized Kubernetes’ Hor-
izontal Pod Autoscaling (HPA) [8] and the state-of-the-art
system Erms [33] as baselines, ensuring that the 95th per-
centile E2E latency remains within SLA. Specifically, HPA
adjusts the resource allocation of microservices based on
predefined resource utilization thresholds, while Erms al-
locates resources based on the globally optimized latency
targets of individual microservices. As depicted in Fig. 4(a),
the load-shifting approach, when combined with HPA and
random partial connection between upstream and down-
stream containers (LS+RC), achieves an average reduction
of 31% and 20% in resource allocation compared to HPA and
Erms with default load balancing. This advantage was even
more pronounced under high resource interference, where
resource allocation decreased by a factor of 29% to 37.5%.
To better understand how resource savings are achieved,
we investigate the load proportion allocated to different hosts
after load shifting, for each microservice. Specifically, we fit
the load proportion data of all microservices using a multi-
modal Gaussian distribution, as illustrated in Fig. 4(b). When
implementing the load shifting strategy, the workload dis-
tribution displays a dual-peak pattern, indicating an uneven
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assignment of workloads to containers experiencing vary-
ing levels of resource interference. In scenarios with high
imbalance, the peaks of the load distribution become more
dispersed to accommodate extremely imbalanced resource
interference, shifting significantly away from the central
value of 0.33 (the load proportion under the load balancing
scheme). The uneven load distribution facilitates balanced
performance among containers and significantly reduces the
tail latency of each individual microservice, thereby provid-
ing opportunities to enhance resource efficiency.

When the random partial connection is replaced with a full
connection (LS+FC), an additional 23% reduction in resource
allocation can be achieved. Nevertheless, HPA cannot fully
leverage the benefits of load imbalance. The integration of
fine-grained resource scaling presents another opportunity
for optimizing resource efficiency. Illustrated in Fig. 4(a),
the amalgamation of load shifting, connection management,
and effective scaling, as embodied in Imbres, leads to a 24%
reduction in resource allocation compared to load shifting
alone, and a 54% reduction compared to using Erms.

Challenges: Effectively leveraging load imbalance while
accommodating the demands of partial connection and dy-
namic resource scaling for complex microservice applica-
tions within large-scale production clusters poses a signif-
icant challenge, owing to the intricate coupling between
these various factors (as emphasized in § 1). Concurrently,
profiling the performance of microservices in advance for
optimized resource scaling — a practice akin to existing sys-
tems [33, 41, 57] — also presents a new challenge under the
unified scheduling paradigm. This profiling process can incur
substantial system overhead, given the multitude of configu-
rations to account for, including the number of containers,
resource interference across different physical hosts, and dy-
namic load, without considering the complexity introduced
by the frequently evolutionary nature of microservices [28].

3 The Imbres Framework

In this section, we illustrate the design ideas behind Imbres
and provide an overview of the system architecture.

3.1 Key Design Ideas

I,:Leveraging a divide-and-conquer approach to handle
the intricate coupling between various factors. Imbres
employs a three-tiered design to decouple the intricate opti-
mization problem, which involves a dedicated load control
optimization, an intelligent connection management mech-
anism, and a global resource scaling process. These three
components work together to enable rapid adaptation to
fluctuations in workload and changes in interference. Im-
bres also incorporates effective coordination between the
optimizations at different tiers.

I,: Applying efficient online gradient-based algorithms
to solve complex optimization problems. Microservices
are rapidly evolving within production clusters, leading to
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Figure 5. The system architecture of Imbres.

a constantly changing performance profile. To alleviate the
heavy profiling overhead, Imbres employs an iterative online
learning approach to govern both load control and resource
scaling, utilizing performance gradients derived from real-
time latency feedback. Furthermore, to expedite this iterative
process, Imbres constructs a performance hash table that can
effectively memorize all historical control outcomes.

3.2 System Overview

The system architecture of Imbres, illustrated in Fig. 5, en-
compasses the following key components:

The Tracing Coordinator @ gathers data from two promi-
nent tracing systems, Prometheus [3] and Jaeger [2]. It specif-
ically extracts information on the latency of individual con-
tainers within each microservice and the overall E2E latency
of each application from historical traces.

The Load Manager ® primarily executes the load shifting.
It periodically tunes the load distribution across containers
within each microservice based on the container latency
obtained from the Tracing Coordinator. Furthermore, the
Load Manager maintains a performance hash table for each
microservice, serving as a pivotal input for the Connection
Manager and the Resource Allocation Manager.

The Connection Manager ® operates in tandem with the
Load Manager and takes the responsibility of adjusting the
RPC connections between upstream and downstream con-
tainers. It determines the partial connection relationships
among containers and the load proportion allocated to each
connection, based on the load distribution provided by the
Load Manager and the performance of upstream containers
attained from the performance hash table. The resulting con-
nection adjustments are then applied to related containers
through the Connection Controller @, executing the actual
connection establishment and load control.

The Resource Allocation Manager mainly executes the re-
source scaling process, comprising two key modules: Per-
Application Scaling © and Per-Microservice Scaling ®. It ad-
justs the number of containers for all microservices in re-
sponse to changes in load and resource interference when
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the control of the Load Manager alone cannot satisfy SLA re-
quirements. Specifically, the Per-Application Scaling module
utilizes the E2E latency as feedback to compute the number
of containers to be scaled for the application. Subsequently,
the Per-Microservice Scaling module further assigns these
scaled containers to specific microservices. The final scaling
results are deployed through the Deployment Controller @.

4 Design Details of Imbres
4.1 Load Control

The Load Manager shifts loads across a substantial number
of containers based on the load and interference conditions,
guided by the feedback of microservice-level latency.

4.1.1 Gradient-based Load Shifting. The core objective
of load shifting is to achieve uniform latency distribution
across all containers within each microservice, leveraging the
connections established by the Connection Manager. Because
containers residing on the same physical host encounter
identical resource interference, an equal amount of load is
allocated to each container within the same hosts to uphold
consistent performance. As a result, adjustments in load
proportions are solely made on distinct physical hosts. This
simplification effectively reduces the complexity of the load
shifting, as the number of physical hosts is significantly
smaller than that of microservice containers.

For a specific microservice, [; denotes the average latency
of its containers within a host j € {1,2,---, N} where N is
the total number of hosts hosting this microservice. Addition-
ally, Lneqn represents the average latency of all its containers
across N hosts. The load shifting decision D; for this specific
microservice, represents the proportion of load distributed
to containers on host j. Then, to achieve uniform latency
distribution across N hosts, the load shifting problem can be

cast as follows:
Z(z st., ZDJ:I 1)

In productlon clusters typically with thousands of physical
hosts, considering the continuously evolving microservices
and dynamic loads, the latency of containers on each host is
a function of runtime factors, such as load and the associated

mln mezm)2

{D1,Dz,:

resource interference. Therefore, it is highly challenging to
derive a closed-form formula of latency. To address this chal-
lenge, heuristic solutions, such as genetic algorithms [20],
iteratively solve the optimization problem (1) based on feed-
back generated from trials without relying on pre-defined
latency formulas. However, these methods often require a
large number of iterations.

In contrast, Imbres employs a distinctive approach by
adopting a derivative-free optimization method. In partic-
ular, online gradient ascent [46] is utilized in this method,
extracting gradient information directly from approxima-
tions rather than depending on a predefined formula. The
process entails calculating the disparity between the actual
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Algorithm 1: Load Shifting Algorithm
1 Procedure LoadShifting(learning raten > 0):

2 Initialize load proportion D; with load balance;
3 fort=0,1,2,... do
4 /* lJ].C represents the latency of container k
located on host j */
zif 1k
5 lj ==L forhostje{1,2,---,N};
>N
6 Imean = jN'J;
7 F:{Fj|OSjSN; Fj:—liflj>lmeanelse1};
7. |lmean—lj| . .
8 lj—ilmmn forhos}]e {1,2,---,N};
9 Dj=D;*(1+n-Fj-l;) forhostje {1,2,--- ,N};
D;
10 Dj=—x%— forhostje {1,2,---,N};
| j Z}\JD], Jjed }

latency on each host and the average latency across all hosts,
expressed as |l i — lmeanl, and employing this difference (nor-
malized by the average latency) as an approximated gradient
to steer the optimization process. This straightforward yet
effective approach demonstrates efficiency in discerning the
required gradient for facilitating load-shifting policies, har-
monizing seamlessly with the dynamic nature of the cluster.
The entire control process is encapsulated in Algorithm 1,
which illustrates an iterative approach to adjusting load dis-
tribution. For each specific microservice, at the initial times-
tamp t = 0, container loads are initially balanced by initial-
izing the load proportion D; to be S; / Z?[ S; for each host
J» where S; is the number of containers residing on host j.
Throughout each five-second tuning interval, the Load Man-
ager compares [; and l;;;cqn to determine the update direction
F; and compute the latency disparity ) ;. Subsequently, the
Load Manager computes a gradient-ascent update in the di-
rection of F; - l}, and scales it by a learning rate 5, which
is set at a constant 0.2. In cases where a significant differ-
ence exists between individual container latency and the
average latency, a larger step size is assigned to update the
load proportion more assertively. Imbres normalizes the load
distribution D; to ensure the sum of load proportions equals
1. The algorithm boasts low complexity, rendering it easy
and efficient for implementation in a production cluster.

4.1.2 Construction of Performance Hash Table. The
performance hash table is generated by the Load Manager
during the load shifting process, storing mappings from a
pair of keys comprising resource interference and load per
container to latency for quick lookup.

Specifically, Imbres considers three types of resource in-
terference [1] within the first key, defined as follows:

Ii = (CPUI, MemB,-, Neti), (2)

where CPU;, MemB;, and Net; are the average utilization of

CPU, memory bandwidth, and network bandwidth across all
physical hosts running containers of a given microservice
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i. The second key w; quantifies the average workload per
container handled by microservice i. Moreover, the value L;
associated with each pair of keys represents the tail latency
of all containers within microservice i. Then, the mapping
operation between the pair of keys (I;, w;) and value L; can
be expressed as follows:

$i(i, wi)—L;. ®3)

Each type of interference is categorized into four equally
sized groups, ranging from 0% to 80%. The second key w;
is also divided into four equal categories from zero to the
maximum load. Here, the maximum load is the value at which
a container’s CPU utilization hits 50% without interference.
Estimating the maximum load in this manner is justified
because CPU utilization for the majority of microservices in
production clusters is typically below 50% [1, 50].

The keys and values are collected during the execution of
each microservice container and updated in runtime. When
querying the hash table, if the first key is not found, the value
corresponding to the closest key is returned. In contrast, if
the second key w; is absent, Imbres leverages linear inter-
polation to construct the value. In this case, the two closest
keys, denoted by w,, and w,, (where w,, > wy,), are selected,
and the result of this querying can be computed as follows:

il ) = Pldoen) 2 il ) o Zvem)
Wn — Wm

To strike a balance between storage efficiency and the
accuracy of latency estimation, Imbres employs four cate-
gories by default for the performance hash table. We provide
a detailed analysis of this choice in § 6.6.

4.2 Connection Management

The Connection Manager establishes partial connections be-
tween upstream and downstream containers for each pair of
microservices, ensuring that the load received by each down-
stream container aligns with the outcomes of load shifting.
Simultaneously, it enforces the total number of connections
within a specified threshold to reduce resource overhead.

4.2.1 A Linear Integer Programming Formulation. To
reduce the number of connections between upstream and
downstream containers, a straightforward approach involves
formulating a linear integer programming problem. In this
formulation, the constraint is to regulate the load on each
connection, ensuring that the resulting load assigned to each
downstream container aligns with the load distribution gen-
erated by the Load Manager. However, directly employing
this approach may result in a significant degradation in
EZ2E latency. This is primarily due to the varying degrees of
resource interference experienced by upstream containers,
which affects their ability to process requests consistently.
As a result, these containers dispatch invocations to down-
stream containers at rates that do not align with their as-
signed loads until the load shifting process of the upstream
microservice reaches convergence. Consequently, solutions
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that neglect the imbalanced performance of upstream con-
tainers may introduce mismatches between invocation ar-
rival rates and load distribution in downstream containers,
potentially leading to violations of SLAs. To address this
issue, a naive remedy would be to delay the load shifting
process of the downstream microservice until the upstream
microservice achieves convergence. However, this approach
can cause delays in subsequent microservices’ load shift-
ing processes, particularly in scenarios with long chains of
interconnected microservices.

4.2.2 Grouping-based Connection. To mitigate the im-
pact of imbalanced performance among upstream containers
during the connection management process, we propose a
grouping-based approach. This approach first leverages the
performance hash table to categorize upstream containers
based on their processing capabilities. Containers within
the same group exhibit similar performance, allowing the
Connection Manager to treat them as a collective unit for
connection management. Subsequently, connections are es-
tablished leveraging an efficient algorithm between each
entire group and all downstream microservice containers.

The Connection Manager utilizes the current load of the
upstream microservice, load proportion in the current itera-
tion, and resource interference of each upstream container
to query the performance hash table for the corresponding
latency information. Subsequently, a K-means algorithm is
employed to categorize all upstream containers into different
groups based on their respective latency values. The number
of groups is determined by dividing the specified connection
threshold by the number of downstream containers.

Using the group information, the Connection Manager es-
tablishes connections on a group-by-group basis. Since the
invocation delivery rates across upstream containers within
the same group exhibit similar behavior, the Connection Man-
ager can manage the connections of all groups and all pairs
of microservices in parallel. For each group, a linear integer
programming problem is formulated to minimize the num-
ber of connections, as stated in § 4.2.1. To solve this problem
while preventing less-performing upstream containers from
being connected to downstream containers suffering from
high resource interference, the Connection Manager employs
an efficient heuristic. Specifically, it sorts the upstream con-
tainers within each group and all the downstream containers
according to the load proportion assigned by the correspond-
ing load shifting processes in the current iteration. Subse-
quently, the Connection Manager follows the principle of
connecting an upstream container with the highest load pro-
portion (the values are normalized within each group such
that they sum up to one) to a downstream container with the
least load proportion. Once the remaining load proportion of
the selected upstream container cannot match the load pro-
portion of the selected downstream container, the Connection
Manager selects another upstream container and connects it
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to this downstream container. These connections are estab-
lished one by one until all downstream containers have their
load proportions fully matched. Moreover, each upstream
container sends invocations to its connected downstream
containers in accordance with the matched load proportions.

4.3 Dynamic Resource Scaling

For efficient resource scaling, existing works primarily con-
struct analytical models or employ machine learning tech-
niques to establish accurate latency-resource mappings for
microservice applications [22, 33, 58]. However, achieving
this mapping becomes challenging in the presence of highly
dynamic and imbalanced resource interference. Moreover,
the complexity of dynamic load shifting in our scenarios
makes it difficult to enumerate all possible load configura-
tions for such a latency-resource mapping. Instead, Imbres
adopts an alternative approach by scaling resources based
on E2E latency feedback using an iterative methodology.
At each time interval, the Per-Application Scaling module
employs an online learning method to calculate the num-
ber of containers to be scaled, denoted as dR, for the entire
microservice application. This value, dR, is subsequently uti-
lized as an input for the Per-Microservice Scaling process. If dR
is non-zero, it indicates that the application requires scaling
up or down of resources. In such cases, the Per-Microservice
Scaling module is responsible for assigning these scaled con-
tainers to critical microservices. The identification of these
critical microservices relies on performance hash tables.

4.3.1 Per-application Resource Scaling. The primary
objective of Per Application Scaling is to determine an appro-
priate number of containers, denoted as R, to allocate for an
application while meeting the SLA requirements, based on
the current load W of the entire application. Although dif-
ferent microservices within an application may have diverse
requirements for the resource configuration of containers,
minimizing the number of allocated containers generally
results in more efficient resource allocation.

The fundamental insight guiding Imbres’ resource scaling
is that the tail E2E latency L generally increases monoton-
ically with a rise in the load-resource ratio P = %. This
trend is observed because an increased load on a container
tends to lead to a longer average queuing time due to lim-
ited computing resources, aligning with queuing theory [24].
Consequently, the Per Application Scaling module concen-
trates on maximizing the ratio P, while adhering to the SLA
constraints, as illustrated in Algorithm 2.

In a manner akin to the load-shifting policy, the Per Ap-
plication Scaling module adjusts the load-resource ratio P;
within the current time interval ¢, striving to minimize the
difference between the E2E latency L; and SLA. The central
concept involves employing an online gradient-ascent-based
approach, using the E2E latency of the application as the
sole feedback. To expedite convergence, the module incorpo-
rates Newton’s method to compute the gradient when the
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Algorithm 2: Per Application Scaling Mechanism

Algorithm 3: Per Microservice Scaling Mechanism

1 Function Per_APP_Scaling(R, L, SLA, W):

2 /* Compute P,, the load-resource ratio at time ¢ */
3 P; = ‘1%1,

4 /* Ly represents the E2E latency at time ¢ */
5 if (Ly —Ly—1) % (Pt —Pr—1) > 0 & |Ly — Ly—1|/L; >= p then
6 L dP = (PtfPEL)L(iLIAfLr);

7 else

s L dP =13 * (SLAzf,)*P,;

9 P; =Py +dP;

10 R* = ‘%’;

11| return (dR=R* - R);

difference between two successive E2E latency, L; — L;_1,
exceeds a threshold of X L; (f set at 0.1 by default). During
the Newton’s update, a large learning rate 1, is applied, for
instance, set at 0.5.

However, there are cases where the latency does not strictly
increase with the load-resource ratio P; due to measurement
noise, or when the change in E2E latency is marginal. Di-
rectly applying Newton’s method [23] can result in a gradi-
ent explosion that impedes the convergence. To address this,
the Per Application Scaling module employs conventional
first-order gradient descent [46] with a smaller learning rate
n2 = 0.2 to perform the update. Upon the update of the ratio
P;, the number of scaled containers can be easily computed.

4.3.2 Per-microservice Resource Scaling. Per Microser-
vice Scaling module is integrated to allocate the number of
dR containers to different microservices within the appli-
cation. In the absence of an exact performance model, this
module accomplishes the allocation through an iterative pro-
cess that strategically selects a critical microservice in each
iteration. The assessment of criticalness is mainly based on
two key aspects: the sensitivity of an individual microser-
vice’s latency to resource allocation and the extent of load
imbalance among all containers within each microservice
after the operation of the load shifting, as detailed in Algo-
rithm 3. The extent of load imbalance is calculated using
the variance of load distribution. A higher variance suggests
that the microservice is more sensitive to resource interfer-
ence and experiencing higher resource imbalance. Allocating
more containers to such a microservice can help mitigate
the negative impact of interference.

The evaluation of microservice i’s sensitivity relies on the
performance hash table ¢; constructed by the Load Manager.
This table ¢; maps the pair (I;, g’
i, where p; represents the load of the whole microservice,
C; is the number of its containers, and I; denotes the aver-
age resource interference on the physical hosts hosting its
containers. The details of creating this table are described in
§ 4.1.2. Using this table, the reduction in latency for microser-
vice i when adding one extra container can be expressed as

) to latency for microservice
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1 Function Per_MS_Scaling(dR, C, ¢, I, D, N):

2 f=1ifdR > 0else —1;

3 while dR # 0 do

4 /% D;'. is the load of microservice i
distributed to host j; N; is the number of
hosts that are hosting microservice i */

N

5 O_i:\/zjl( jl Aj[lllD;/Nl) ;

6 a; =1+ 0; - N, /ZN’ D’

, i=ai (4, —¢i(1,-,&‘f));

8 k = argmax; Gi;

9 Cr=Cr+f;

10 B dR=dR - f;

| return C;

follows:

9= (1. &) = (1 24y )

On the contrary, the change in latency for microservice i
when reclaiming one container can be expressed as:

=il ) il 55 ©)

The Per-Microservice Scaling module computes o;, the vari-
ance of load distribution across different physical hosts, and
normalizes it by the average load to obtain the load imbal-
ance index ;. The criticality score of a microservice is then
determined by G; = «; - g;. The module selects the microser-
vice that generates the highest G; for resource scaling. It
is worth noting that, in each iteration, only one container
is added or reclaimed from the most critical microservice.
To reduce the computational complexity, the criticality of
microservices G can be stored in a priority queue. Only the
criticality of the chosen microservice will be updated and
pushed into the queue, resulting in a computational complex-
ity of O(dR - log m), where m is the number of microservices
within a microservice application.

5 Imbres Implementation

The Imbres system is implemented on top of Kubernetes [25],
and its development facilitates the Kubernetes Python client
library, comprising 3,500 lines of Python code. The Trac-
ing Coordinator periodically queries Jaeger [2] to extract
real-time latency data, with trace collection resource usage
typically remaining below one CPU core and 2 GB memory
for each application. Additionally, it queries Prometheus [3]
to obtain interference data at each host.

We store the performance hash table built by the Load
Manager in Redis [42] and design an interface for Imbres
operators to specify the number of key groups categorized by
the performance hash table. We have developed the Connec-
tion Controller as a component responsible for implementing
the connection strategy generated by the Connection Man-
ager within the network layer. The Connection Controller
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assigns load proportion to different connections between up-
stream and downstream containers. The load assignment is
accomplished using Linux iptables, achieved by modifying
forwarding rules and assigning load forwarding probabil-
ities to each connection based on the virtual IP addresses
of containers. The iptables update latency is typically less
than 10 milliseconds. The Resource Allocation Manager peri-
odically synchronizes the performance hash table with the
Load Manager to enhance the accuracy of latency estima-
tion. To deploy containers, we utilize the default deployment
controller in Kubernetes to scale the number of containers.

6 System Evaluation

6.1 Experimental Setup

Benchmarks. We evaluated Imbres using the DeathStar-
bench [18] as well as the Train Ticket [60] benchmark. Death-
Starbench includes three applications: Social Network, Media
Service, and Hotel Reservation.

System setup. We evaluated Imbres with DeathStarbench
on a local cluster comprising 4 two-socket physical hosts.
For the more complex and resource-intensive Train Ticket
application, we conducted the evaluation on an expanded
cluster with 16 two-socket physical hosts. Each host in the
local cluster is equipped with 100 Intel Xeon CPU cores and
128GB of RAM. We also assessed Imbres on 17 Amazon EC2
c6a.8xlarge instances, with each virtual machine configu-
ration comprising 32 CPU cores and 64 GB of memory [4].
Unless otherwise specified, each microservice container is
configured with 0.1 core, 200MB of memory for DeathStar-
bench, and 0.2 core, 500MB of memory for Train Ticket. The
iterations within the load control of Imbres are performed
every 5 seconds, with a detailed analysis of parameter tuning
provided in § 6.6. Resource scaling is executed every one
minute, aligning with the typical resource scaling interval
used in production clusters. Moreover, the total number of
connections between upstream and downstream containers
within each pair of microservices is capped at ten times the
total number of downstream containers, in alignment with
the settings commonly used in production clusters [29].

Environment setup. We run experiments with both
static and dynamic workloads, setting SLA targets based
on the 95th percentile E2E latency. For DeathStarBench
applications, we establish SLA targets ranging from 100 ms
to 500 ms, defining a strict SLA for targets below 300 ms
and a slack SLA for those exceeding 300 ms by default. We
generated static workloads at 1200 requests per second, the
maximum throughput our cluster can support under high
interference imbalance. For Train Ticket, SLA targets range
from 1000 ms to 2000 ms, with a strict SLA for targets below
1500 ms and a slack SLA for those exceeding 1500 ms. We
generated static workloads at 200 requests per second.

To mimic diverse resource interference scenarios, we gen-
erated interference in terms of CPU, memory bandwidth, and
network bandwidth using iBench [16]. This was achieved by
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varying the number of anomaly containers on each target
host, thereby diversifying the resource utilization of hosts
from 10% to 70%. In the entire cluster, the average host utiliza-
tion hovers around 50%, with anomaly containers accounting
for 35% and microservice containers for 15%. This configura-
tion aligns with the typical setup of production clusters at
Alibaba (details are described in § 2.1.2).

Baseline schemes. We compared Imbres against state-
of-the-art systems, including Erms [33], Rhythm [58], and
Firm [41]. Erms profiles the latency of microservices and
fits it with piece-wise linear functions. It computes latency
targets assigned to different microservices based on func-
tion profiles, considering the microservice dependencies. In
contrast, Rhythm assigns latency targets to different mi-
croservices based on the normalized product of mean latency,
variance of latency across different workloads, and the cor-
relation coefficient between microservice latency and E2E
latency. Firm applies an SVM model to identify the critical
microservice. Then, it employs reinforcement learning to
adjust the resources allocated to these critical microservices.

6.2 Resource Efficiency and E2E Latency

Static workload. We first report the results for all baseline
systems under different resource interference levels and SLA
settings. To mitigate random noise, each setting was eval-
uated five times in our private cluster, and the average of
these evaluations was computed as the final result.

As depicted in Fig. 6, across all test scenarios, Imbres
achieves an average reduction in resource allocation of 49%,
61%, and 53% compared to Erms, Rhythm, and Firm, respec-
tively. Rhythm relies on static microservice latency statistics
for resource allocation, it struggles to adapt to dynamic la-
tency variations. Firm, on the other hand, concentrates exclu-
sively on critical microservices, the reinforcement learning
agent cannot effectively address multiple critical microser-
vices simultaneously. Erms attempts to address resource in-
terference by strategically placing containers but falls short
in addressing performance imbalance under partially con-
nected settings among microservice containers. In contrast,
Imbres effectively mitigates these limitations, particularly in
scenarios where high resource interference imbalance (Im)
results in a resource contention difference exceeding 30%
between the corresponding hosts. In such situations, Imbres
reduces the number of allocated containers by more than
63% compared to all baselines. This notable improvement is
attributed to its adaptivity in balancing latency under high
resource interference environments. A similar enhancement
is observed in strict SLA settings, where more containers
are allocated to meet SLA requirements, amplifying the per-
formance imbalance and variance under dynamic resource
interference. Furthermore, compared to all baselines, Imbres
achieves average resource savings of 53%, 54%, 49%, and 62%
on the Social Network, Media Service, Hotel Reservation, and
Train Ticket applications, respectively. Notably, Imbres saves
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an additional 10% of resources on the Train Ticket applica-
tion, which features 2X more microservices than the other
applications. This result demonstrates Imbres’ efficiency in
managing complex applications in larger-scale clusters.

Figure 7 depicts the SLA violation probability across differ-
ent scenarios. On average, Imbres sustains a violation prob-
ability of less than 5% for all applications, markedly lower
than the rates observed with Erms, Rhythm, and Firm, which
stand at 13.6%, 21.2%, and 17.1%, respectively. Additionally,
the probability of SLA violations is notably higher for the
baseline models in settings with strict SLA requirements
and high resource interference imbalance. This underscores
Imbres’ superior adaptability in such challenging environ-
ments.

Dynamic workload. We also deployed Imbres using the
SocialNetwork application with dynamic loads derived from
Alibaba traces [32], setting the SLA target to 300ms. The
shadow area in Fig. 8(a) illustrates the fluctuations of load
over time in our private cluster. As depicted in Fig. 8(a),
Imbres reduces the overall resource allocation by about 36%
compared to Erms and achieves up to 54% savings compared
to Rhythm on average. Fig. 8(b) displays the cumulative
distribution function (CDF) of the tail latency of requests
over time. The result indicates that Imbres consistently meets
the SLA requirements, even in the face of rapidly increasing
loads. In contrast, other schemes, such as Rhythm, which
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exceeds the SLA threshold with a probability as high as 20%,
often fail to meet SLA requirements due to their inability to
address performance imbalance among containers.

6.3 The Rationale Behind Imbres’ Design

In this section, we conduct a comprehensive study on the
rationale for Imbres’ design. Specifically, we aim to explore
the factors contributing to the variance in microservice per-
formance and the influence of full connection mechanisms
on overall performance, which highlights the critical impor-
tance of effective load shifting and connection management.

How does performance vary across containers? To
investigate the root causes of performance variations, we de-
ployed the Social Network application across two groups of
hosts, each experiencing different levels of resource interfer-
ence. Specifically, resource interference—quantified by host
utilization for CPU, memory bandwidth, and network band-
width—ranges from 10% to 60%. We defined low interference
as resource utilization below 30% and high interference as
resource utilization exceeding 30%. We tracked the workload
and latency changes of containers within each microservice
throughout the whole load-shifting tuning process. At the
beginning, the workload is evenly distributed among con-
tainers, while resource interference varies across containers
and further causes high latency variance. During this pro-
cess, the workload is continuously shifted from containers
experiencing higher interference to those with lower interfer-
ence, as illustrated in Fig. 9(a). Despite the reduced workload,
containers exposed to higher interference still experience
significantly increased latency, exceeding 3x even with a 66%
reduction in workload compared to containers with lower
interference, as shown in iteration 3 of Fig. 9(a) and Fig. 9(b)
(highlighted in red boxes).

To thoroughly assess the sources of performance variation
among microservice containers, we calculated the Spearman
correlation coefficients between the resource interference
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experienced by containers and their corresponding latency.
This analysis was performed across all containers in each
iteration of the load-shifting process, and the resulting coef-
ficients were then averaged across all iterations. The results
reveal that the correlation coefficient between resource in-
terference and latency is 0.87, 0.76, 0.82, and 0.91 for the
Social Network, Media Service, Hotel Reservation, and Train
Ticket applications, respectively. In contrast, the correlation
coefficients between container latency and workloads are
negative, specifically -0.62, -0.42, -0.44, and -0.56 for these
four applications. These values are significantly lower than
the correlations observed between resource interference and
latency. The key reason for this negative correlation is that
containers experiencing high resource interference tend to
exhibit higher latency, prompting a gradual traffic shift to
lower-latency containers. Consequently, less-interfered con-
tainers are subjected to higher workloads but maintain lower
latency, and vice versa, resulting in a negative correlation.

We also examined latency fluctuations across various lev-
els of resource interference and workloads, drawing insights
from the results of iteration 3 in the load-shifting process
depicted in Fig. 9. The analysis demonstrates that latency
increases with higher levels of interference (host utilization),
as illustrated in Fig. 10(a). Conversely, container latency
consistently decreases as workloads increase for containers
experiencing less interference, as shown in Fig. 10(b). These
findings highlight resource interference as a critical factor
driving performance variation and emphasize the impor-
tance of load shifting in mitigating its impact.

Why using partial connection? To quantify the over-
head associated with full connection, we deployed the Social
Network application with varying numbers of containers in
our clusters and generated workloads proportional to the
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Figure 11. Resource utilization and E2E latency using full
connection with varying numbers of downstream containers.

container count. We evaluated the resource utilization and
E2E latency across different settings. As the number of down-
stream containers increases, microservices require additional
resources to maintain persistent connections and interact
with their downstream microservices. This leads to an in-
crease in overall resource usage and end-to-end latency of
the application. Specifically, when the number of contain-
ers reaches 500, overall resource usage increases by 31%, as
shown in Fig. 11(a), while the E2E latency increases by up
to 1.38%, as depicted in Fig. 11(b). These observations under-
score the importance of effective connection management
using partial connection within large-scale deployments.

6.4 Microscopic Evaluation

In this section, we provide an in-depth analysis of the in-
dividual contributions of Imbres’s various components by
leveraging DeathStarBench applications.

Advantage of Imbres’ load shifting. To quantify the
improvement brought by dynamic load shifting in complex
scenarios, we incorporated the same load shifting policy
into all baseline systems while maintaining their original
resource scaling strategies and employing a fully connected
approach for connection management.

Fig. 12(a) presents the average number of containers al-
located under different load control strategies. The results
show that all systems improve resource efficiency through
dynamic load shifting, demonstrating the importance of ad-
dressing interference imbalance. Imbres can reduce resource
allocation by 39%, while other schemes can save, at most, 31%
of containers. Imbres’s superior performance is attributed
to its joint optimization between load-control and resource
scaling, which not only balances performance among con-
tainers for resource savings but also enhances its resource
scaling strategy with load variance awareness.

Benefit of Imbres’ connection management. We con-
ducted an ablation study of Imbres’ connection management
strategy, comparing it with two other strategies: a full con-
nection strategy (Fully) and a random partial connection
strategy (Partially). The analysis was performed under vary-
ing levels of imbalance and SLA, as depicted in Fig. 12(b).
Compared to the full connection strategy, the partial connec-
tion strategy required, on average, 42.3% more containers to
meet the SLA requirements. The performance degradation
of the partial connection strategy was further exacerbated
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in high imbalance scenarios, resulting in a 61.8% increase in
resource allocation.

In contrast, Imbres employs a highly efficient connection
management strategy that achieves performance comparable
to the full connection strategy, with an increase in resource
allocation of less than 7%. This slight increase is due to the
benefits of full connectivity, which enables effective load
shifting among containers with minimal overhead in small-
scale deployments, such as the 85 downstream containers in
this case, resulting in better performance balance. However,
as the scale of the deployment increases, the overhead of full
connections becomes more significant. The benefits of per-
formance balance are outweighed by the additional system
overhead of full connections. Specifically, when the number
of downstream microservices increases from 85 to 200, the
E2E latency with full connections degrades by 10%, as shown
in Fig. 11, thereby outweighing the 7% performance advan-
tage compared to Imbres. As a result, the full connection
strategy ultimately yields inferior performance compared to
Imbres in larger-scale settings. These results highlight the
effectiveness of Imbres’ connection adjustments, particularly
in production environments.

Why identify critical microservices? In this part, we
emphasize the importance of accurately identifying the crit-
ical microservices when Per-Microservice Scaling allocates
containers. Recall that the score of a microservice is deter-
mined by the product of its performance hash value, g;, and
the load imbalance index, a. To assess the efficacy of this
approach, we implemented two additional schemes. One
scheme evaluates microservices based solely on the val-
ues of the performance hash table (PerfHash). The other
scheme randomly selects a microservice for resource scal-
ing (Random). Figure 12(c) illustrates the average resource
allocation by each system under different settings. Utilizing
a performance hash table for resource scaling, as opposed
to randomly selecting microservices, results in a notable
32% resource savings. This underscores the effectiveness of
utilizing the performance hash table in identifying critical
microservices. Furthermore, Imbres achieves an additional
13% reduction in resource scaling compared to schemes that
only rely on the performance hash table. The primary reason
behind this improvement is that the load imbalance index
« accurately estimates which microservices are sensitive to
interference imbalance, helping mitigate its impact.
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Performance under various container configurations.
To assess the impact of container configurations on the ef-
fectiveness of Imbres, we compared it with other baseline
schemes across varying configurations, ranging from 0.2
CPU cores with 500 MB of memory to 4 CPU cores with 8
GB of memory per container. This evaluation was conducted
using the Train Ticket application in a cluster comprising 16
hosts. As shown in Fig. 12(d), when the container configura-
tion is increased from 0.2 CPU cores with 500 MB of memory
to 0.5 CPU cores with 1 GB of memory, the reduction in
resource allocation of Imbres relative to baselines declines
from 62% to 54%. This decline is due to the number of contain-
ers for downstream microservices dropping to fewer than
40 within this limited-scale cluster. In such scenarios, the
advantages of connection management diminish compared
to random partial connection, as an upstream container is
already connected to most downstream containers.

When the container configurations are further increased
to 4 CPU cores and 8 GB of memory, the number of contain-
ers for downstream microservices falls below 10. In this case,
full connection leads to a resource overhead of less than 4%
compared to the connection management used in Imbres, as
quantified in § 6.3. Moreover, in these scenarios, the perfor-
mance of microservices becomes less susceptible to resource
interference. Nevertheless, Imbres still achieves a 45% reduc-
tion in resource allocation compared to all baseline schemes.
Additionally, we conducted trace-driven simulations using
data from Alibaba [1], simulating a cluster deploying thou-
sands of hosts. Each container was configured with 4 CPU
cores and 8 GB of memory, aligning with production spec-
ifications. The results indicate that, for the most complex
application, where each microservice is deployed with hun-
dreds of containers, Imbres achieves a reduction of up to
72% compared to all baselines. These findings underscore
Imbres’ effectiveness in environments with larger container
configurations and greater scales.

6.5 Convergence Performance

We deployed the Social Network application [18] on Amazon
EC2 to evaluate the convergence efficiency of Imbres.
Convergence of load shifting process. We first dis-
abled the resource scaling and initiated the load shifting
under static workloads. Fig. 13(a) compares the E2E latency
of the application under dynamic load control (LS) against
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Figure 13. (a) 95th-percentile E2E latency and load variance
during iterations of load shifting. LS denotes load shifting
and LB denotes load balancing. (b) Tail Latency under Imbres.

latency under load balancing (LB). The E2E latency rapidly
decreases to a near-optimal value within 6 iterations (30
seconds), demonstrating the rapid convergence of Imbres’
load shifting process. We also tracked the load variance of
microservices. As depicted by red lines in Fig. 13(a), the load
variance converges rapidly within 12 iterations (1 minute).
After reaching the optimal value, the load variance stabilizes
with minor fluctuations.

Convergence of resource scaling process. We demon-
strate the convergence efficiency when the load control and
resource scaling concurrently iterate. To achieve this, we
initialized the total number of containers for the whole appli-
cation to one-fourth of the optimal configuration when the
SLA is set to 100ms. We generated workloads to assess the ef-
ficiency of Imbres with both controls enabled under different
SLA settings, injecting the highest interference imbalance.
As illustrated in Fig. 13(b), the E2E latency of the application
converges with minor fluctuations within two minutes under
different SLA settings. These results affirm the optimal coor-
dination between the load control and resource scaling and
the high convergence efficiency of the three-tiered control of
Imbres, enabling it to promptly react to system fluctuations
and find near-optimal resource configurations.

6.6 Sensitivity Analysis

Here, we analyze Imbres’ sensitivity to the hyperparameters
involved in its design. We conducted experiments for all four
applications, with each generating dynamic workloads for
30 minutes using various hyperparameters. As illustrated in
Fig. 14, the thin red bars indicate the full range of observed
values across the four applications for each parameter setting,
with the upper and lower bounds representing the highest
and lowest recorded values, respectively. Meanwhile, the
thicker bar represents the average result across all applica-
tions for each parameter setting.

Optimal algorithm hyperparameters. We assessed the
impact of different parameter values in Imbres’ algorithm. As
depicted in Fig. 14(a), resource allocation initially decreases
with increasing learning rates used in Imbres, denoted as 7
in Load Shifting and 1y, 1, in Per Application Scaling, as these
rates accelerate the convergence of Imbres’ algorithm. How-
ever, excessively high learning rates can cause the algorithm
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Figure 14. Resource allocation under different parameter
settings. (a) Imbres’ algorithmic parameter. (b) Load control
interval. (c) Number of hash keys. (d) Target CPU utilization.

to converge to suboptimal solutions, leading to increased re-
source allocation. Additionally, in the Per Application Scaling
module, the parameter f serves as the threshold for switch-
ing from first-order gradient descent to Newton’s method.
Setting f to a value greater than 0.1 may prevent the adop-
tion of the more efficient Newton’s method, delaying con-
vergence to optimal scaling solutions and thereby increasing
overall resource allocation. However, a smaller value, such as
0.05, can lead to resource overprovisioning due to gradient
explosion. Despite these variations, the overall resource allo-
cation differs by less than 15% across all parameter settings,
highlighting the robustness of Imbres. Furthermore, for all
parameter settings, the difference between the highest and
lowest result is less than 15% of the average value, indicating
that Imbres is highly adaptable across different applications.
Impact of load control interval. Extending the load con-
trol interval increases the convergence time of Imbres’ load
shifting process. It leads to overprovisioning of resources
to prevent SLA violations caused by imbalances in perfor-
mance among microservice containers before load shifting
converges. Consequently, this requires additional iterations
for the resource scaling module to achieve convergence. Con-
versely, a shorter load control interval is constrained by the
trace collection efficiency of the tracing system Jaeger [2].
As shown in Fig. 14(b), when the load control interval is
extended from 5 to 30 seconds, overall resource allocation
increases by 18%. However, reducing the load control inter-
val from 5 to 2 seconds provides only marginal benefits in
resource efficiency. Furthermore, with an increasing load
control interval, the variance also increases, as shown in Fig.
14(b), reaching up to 14.8% of the average value. To balance
the trace collection overhead and resource efficiency, we set
the default load control interval to 5 seconds. The optimal
interval remains consistent across all applications.
Selection of hash key groups. The number of hash
key groups is closely linked to the prediction accuracy of
microservice performance. Increasing the number of hash
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keys improves prediction accuracy, facilitating better scaling
decisions, but it also incurs higher storage overhead. As
shown in Fig. 14(c), resource efficiency significantly improves
when the number of hash keys is increased from two to four.
However, further increasing the number to sixteen results
in over 256 times higher storage consumption, with only a
marginal resource efficiency gain of less than 3%. To achieve
an optimal balance, Imbres selects four key groups for the
performance hash table by default. For different numbers of
hash keys, the variation across applications remains within
8% as shown in Fig. 14(c). This suggests that the number of
hash keys is not strongly tied to specific applications.

Determining target CPU utilization. Imbres uses the
target CPU utilization of containers to determine the maxi-
mum load that individual microservice containers can sup-
port. A higher target encourages more aggressive resource
allocation, enhancing resource efficiency but resulting in
increased rates of SLO violations. As shown in Fig. 14(d), in-
creasing the target CPU utilization by 10% reduces resource
allocation by 12% on average, but simultaneously raises the
SLA violation rate by 79%. To strike a balance between re-
source savings and SLA violations, Imbres sets the target
CPU utilization at 50%. This choice is further supported by
the observation that increasing the target from 50% to 70%
increases the SLO violation probability by 1.6, while im-
proving resource efficiency by only 4.2%. This configuration
aligns with the CPU resource utilization patterns observed
in production clusters [1, 50].

7 Discussion

In this section, we discuss how Imbres can be extended to
achieve broader applicability in practical scenarios.

LLC contention. LLC contention is another source of re-
source interference that impacts the cache hit rate of mi-
croservices. We conducted experiments to assess the effect
of LLC contention on microservice latency, and the results
indicate that latency can increase by 2.3x when the LLC
miss rate exceeds 60% on NUMA nodes in extreme cases.
Currently, LLC contention has not been incorporated into
Imbres’ design. However, by utilizing Linux’s perf tool [6],
LLC contention can be easily integrated into the performance
hash table as an additional source of interference.

The limit of Imbres’ improvement. In extreme scenarios
where resource interference differences across hosts can
reach up to 80%, the experimental results demonstrate our
load-shifting strategy can reduce resource allocation by as
much as 80% compared to all baseline approaches within a
16-host cluster. This underscores the significant potential
for enhancing resource efficiency through load shifting in
production clusters with thousands of hosts.

8 Related Work

Load management. Load management, especially in the
realm of online services, stands as a prominent and actively
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researched area [7, 13, 14, 27, 40, 45, 51, 54, 59]. Prequal is
a specialized load balancer designed for distributed, multi-
tenant systems [54]. Its primary objective is to minimize real-
time request latency, even in the face of disparate server ca-
pacities and fluctuating antagonistic workloads. DAGOR and
Breakwater [13, 59] address microservices overload through
real-time monitoring and coordinated admission control.
Kraken [51] conducts load tests by shifting live traffic across
data centers, utilizing real-time data to identify and rectify
resource utilization bottlenecks. Despite the advancements,
these systems have not yet explored the integration of load
shifting and connection management to optimize microser-
vice architectures.

Microservice scaling. Numerous efforts have been ded-
icated to optimizing resource management for microser-
vices [10, 12, 15, 17, 19, 22, 33, 35-38, 41, 43, 47, 55-58].
GrandSLAm [22] quantifies the contribution of each mi-
croservice to E2E latency for further resource allocation.
DeepRest [15] incorporates a graph neural network for re-
source scaling. Sinan [57] estimates the E2E latency of a
microservices application under different resource config-
urations using deep learning algorithms. Nodens [47] fea-
tures a traffic-based load monitor, load updater, and query
drainer to optimize network bandwidth for quick QoS recov-
ery, efficiently managing resources for microservices. One
big limitation of these approaches is their dependency on
comprehensive offline profiling, making them struggle to
adapt to the continuously evolving nature of microservices
under dynamic resource interference environments.

9 Conclusion

This paper marks a pioneering effort in concurrently shift-
ing microservice load and scaling resources amid highly
dynamic and imbalanced resource interference. A distinct
feature of our system is its exclusive reliance on online gra-
dients derived purely from latency feedback to guide the
optimization process, eliminating the need for any offline
profiling. Furthermore, the system utilizes performance indi-
cators generated during load shifting to effectively identify
critical microservices for resource scaling.
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