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Abstract—Microservice applications are commonly deployed
alongside other services to enhance resource utilization. However,
this practice also leads to notable resource contention. While
existing studies primarily focus on scaling critical microservices
responsible for performance degradation to mitigate violations
of SLAs regarding end-to-end latency in highly interfered envi-
ronments, they often overlook the potential advantages of scaling
non-critical microservices for optimized resource efficiency.

In this paper, we introduce Grad, an intelligent microservice
scaling framework by harnessing resource fungibility between
critical and non-critical microservices. Addressing the challenges
posed by the dynamic nature of resource fungibility during
scaling, Grad incorporates three key components. First, Grad
employs a modular learning approach to profile individual
microservice latency in relation to environmental conditions.
Utilizing gradient extracts from this profile, Grad designs a
scalable optimization module to dynamically select the optimal set
of microservices for scaling. To rapidly mitigate SLA violations,
Grad also deploys an accurate end-to-end latency predictor,
serving as an simulator to obtain real-time feedback. We evaluate
Grad in our cluster using real microservice benchmarks and
production traces, demonstrating its ability to reduce resource
usage by 49.1% and lower the probability of SLA violations by
3.7x when compared to state-of-the-art solutions.

I. INTRODUCTION

Nowadays, microservice architecture has gained immense
popularity in building a wide range of latency-sensitive on-
line services with exceptional flexibility [1], [22], [38], [39],
[42], [52]. Unlike monolithic architectures, this new approach
breaks down complex applications into multiple loosely-
coupled components, simplifying their administration, main-
tenance, and updates. Consequently, when confronted with
heavy loads or resource bottlenecks, microservice architecture
enables independent and fine-grained resource scaling of in-
dividual components, as opposed to the entire application [7],
[81, [19], [21], [29], [34], [47], [49].

Meanwhile, today’s cloud service providers often choose to
co-locate microservice applications with other online services
or batch processing jobs within the same cluster, aiming
to enhance resource utilization [6], [11], [26], [40], [51].
However, this shared environment often results in considerable
resource contention, encompassing CPU, memory, LLC, and
network [8], [35], among individual microservices and other
co-located tasks, thereby substantially impacting the end-to-
end (E2E) latency of the entire microservice application [35].
Analysis of traces from production clusters reveals that re-
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source interference is highly dynamic over time and varies
significantly across different physical machines [23].

To optimize microservice scaling in complex, interference-
prone environments and ensure adherence to service level
agreement (SLA) requirements regarding tail E2E Ilatency,
current research focuses on two main approaches [28], [35].
The first approach constructs explicit linear models to quantify
the relationship between interference and performance [28].
Although this approach can coordinate resource scaling across
multiple microservices globally, its oversimplified nature re-
stricts scaling exclusively to horizontal scaling alone, leaving
per-container resource configurations unchanged. This absence
of scaling up capability leads to exceedingly low resource
efficiency within a dynamic environment. The second method-
ology relies extensively on machine learning (ML) techniques
to identify critical microservices causing SLA violations due to
resource contention. It then employs reinforcement techniques
to allocate additional resources to these critical microservices
based on real E2E latency feedback, achieved through a
combination of scaling out and scaling up [35]. Neverthe-
less, concentrating solely on scaling a limited set of critical
microservices can result in suboptimal resource efficiency.
Furthermore, the reinforcement approach requires real-time
feedback, taking seconds to mitigate SLA violations.

Our analysis of microservice benchmarks [15] reveals the
fungibility of various computing resources between critical
and non-critical microservices during scaling within interfered
environments. In contrast to critical microservices, whose
performance is highly susceptible to interference, certain non-
critical microservices exhibit high sensitivity to resource avail-
ability. In many cases, leveraging resource fungibility—the
ability to substitute or reallocate resources like CPU, memory,
I/O, among others across both critical and non-critical mi-
croservices—can lead to more balanced and efficient scaling
decisions. Consequently, focusing solely on scaling critical
microservices overlooks the potential for optimizing resource
efficiency. As demonstrated in § II-B, scaling microservices
closely interdependent with critical ones or those more sensi-
tive to resource allocation can reduce tail E2E latency by 25%
compared to scaling critical microservices alone. As a result,
it is essential to harness resource fungibility during scaling
through effective resource trading among microservices within
the same application.

While the concept of resource fungibility offers great po-
tential in enhancing resource efficiency, achieving optimal
resource trading within complex microservice applications
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during scaling introduces several new challenges. The primary
challenge arises from the dynamic nature of selecting the suit-
able microservice for trading, a task complicated by its strong
causal relationship with previous selections. Consequently,
the sequencing of microservice selection for scaling becomes
crucial. This challenge is further compounded by the dynamic
sensitivity of microservice latency to different resource types
during scaling, which varies widely based on container re-
source utilization, load, and interference conditions. Hence,
there arises a necessity for a dynamic trading policy capable
of swiftly adapting to environmental changes.

To effectively address these challenges and fully leverage re-
source fungibility, we have developed Grad, an intelligent mi-
croservice resource management system designed to promptly
mitigate SLA violations while minimizing resource usage
in shared clusters. Grad embodies three fundamental design
principles. First, it adopts a modular learning approach [21] to
model the latency of each microservice. This model considers
container resource utilization (such as CPU and memory),
load, and diverse resource interferences (such as cache, mem-
ory bandwidth, I/O, and network interferences) on the machine
where the microservice resides. Powered by shallow neural
networks, this modular framework is lightweight and adept
at capturing environmental dynamics in a scalable manner.
Furthermore, it facilitates both horizontal and vertical scaling
by harnessing the fungibility among various resource types.
Second, Grad integrates a fine-grained optimization module
to dynamically select the appropriate microservice and the
associated resource type for scaling when the load fluctuates
or resource interferences vary. This module utilizes gradients
extracted from the neural networks, effectively capturing the
causal relationship between successive selections. Third, to
rapidly mitigate SLA violation during scaling, Grad incorpo-
rates an E2E latency predictor using self-attention [43]. Given
that the microservice selection process may entail multiple
steps, this predictor functions as an ideal simulator, offering
real-time feedback for each scaling decision without the need
for immediate deployment within the cluster.

We have implemented a prototype of Grad on the Kuber-
netes platform [13], [20] and deployed it in our local cluster
comprising ten servers, each with 104 cores. To evaluate Grad,
we conduct extensive experiments utilizing the widely adopted
DeathStarBench [15] and TrainTicket [53] benchmarks, as
well as large-scale trace-driven simulations based on Alibaba
traces [2]. The results demonstrate that Grad achieves a predic-
tion accuracy of nearly 90% for both individual microservice
latency and tail E2E latency. Importantly, experimental results
highlight Grad’s ability to reduce overall resource usage by up
to 49.1% and decrease the probability of SLA violations by
3.7 times compared to state-of-the-art approaches. In summary,
this paper makes the following contributions:

« Comprehensive analysis of resource fungibility. We
demonstrate the presence of resource fungibility between
critical and non-critical microservices within heavily in-
terfered environments. We also analyze how this fungibil-
ity is profoundly dynamic, depending on the sequence of
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microservice scaling and diverse environmental factors.
Design of optimal resource scaling mechanism. We in-
troduce a novel optimization method grounded in gradient
computation and Taylor approximation to dynamically
pinpoint the optimal microservices for resource trading
with low computational overhead.

Implementation of system with rapid response. Our
microservice scaling system implementation is capable
of promptly addressing issues within 130 millseconds
in instances of SLA violations, representing an order of
magnitude improvement over existing implementations.

II. BACKGROUND AND MOTIVATION
A. Microservices in Shared Clusters

In a production cluster, numerous applications are hosted
across thousands of machines, each typically providing a
variety of online services customized to meet user requests.
These services usually consist of multiple microservices, each
deployed with hundreds of containers with uniform config-
urations [27]. Ordinarily, a user request is directed to an
entry microservice, such as Nginx [15], which then initiates
a series of invocations among dependent microservices, either
sequentially or in parallel. The E2E latency of a request is
defined as the duration from the moment a user sends a request
to the time it receives the corresponding reply [28].

Microservice containers often share computing resources
with other services across the same machines [26]. Although
this shared environment can boost resource utilization by over
50% [26], it concurrently brings about significant resource
contention [27], [28], [35]. Analyzing traces from Alibaba
clusters reveals that resource interference can result in over a
fourfold increase in latency for individual microservices [23].
As a result, it is crucial for microservice frameworks to
effectively scale resources within this highly interfered envi-
ronment, ensuring they can handle dynamic request arrivals
while meeting the SLA requirements for tail E2E latency.

B. Opportunity: Leveraging Resource Fungibility between
Critical and Non-critical Microservices

A critical microservice often resides on the longest path
in the request’s execution graph and is distinguished by
significant latency variations across different percentiles, such
as the 50th percentile versus the 95th percentile. As defined
by [35], the variability of a critical microservice contributes
the most to the overall variability of the E2E latency within
an application. Critical microservices are highly susceptible to
notable performance degradation due to resource contention,
leading to SLA violations. Consequently, previous studies
have achieved significant advancements in employing ML
techniques to identify critical microservices for resource scal-
ing, with the aim of reducing E2E latency. Nevertheless, our
observations indicate that scaling critical microservices may
not result in the most resource-efficient solution.

To illustrate this point, we conducted an experiment utilizing
the ComposePost service from Social-Network application
featured in DeathStarBench [15]. The ComposePost service
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both the microservice and application levels.

comprises twelve stateless microservices, as illustrated in
Fig. 1. Our emphasis lay on the Compose microservice, which
is highly susceptible to resource interference. We introduced
various interferences to the hosting machine of Compose
under the same load, thus highlighting its significance as a
critical microservice in violating the SLA requirement of tail
E2E latency. Precisely, we introduced interferences in CPU,
memory capacity (MCP), memory bandwidth (MBW), and
network (Net), employing a mechanism akin to that explored
in Firm [35], and utilizing the IBench tool [12] and Iperf3 [3]
for interference injection. In order to showcase the consis-
tency of critical microservices under varying interference, we
also quantify each microservice’s correlation with tail E2E
latency by measuring the variability in their individual latency
distribution [35]. As depicted in Fig. 2, it is evident that
the Compose consistently achieves the highest values across
various scenarios.

We augmented identical CPU or memory resources across
all microservices within the ComposePost service sequen-
tially, while measuring the resulting tail E2E latency for
each scenario. As shown in Fig. 1, during CPU, memory
capacity, and network interference impacting the Compose
microservice, allocating CPU or memory resources to other
non-critical microservices such as Text, Social, Post, and
Utimeline significantly reduces the tail E2E latency (up to
25%), compared to a strategy that only scales Compose.

The reason behind this phenomenon is the close depen-
dency of these microservices on Compose, or their high
sensitivity to resource availability, offering ample opportunities
for trading resources among them and Compose to enhance
efficiency. This observation highlights two levels of resource

476

Step 1 Step 2 Step 3 Step 4 Topology
Initial Scale Choices
Latency = F CPU R Mem
= F Mem mmE S CPU
> RCPU mmm S Mem LS
e —
g o
8
SEEI]
SLA

Steps

Fig. 3: E2E latency of resource scaling across different steps.
The lines indicate the changes in latency under different
scaling decisions, with the solid line representing the opti-
mal choice made at each step. In the graph, F represents
Frontend, R represents Reservation, and S represents
Search. CPU and Mem respectively denote the allocation of
CPU and memory.

fungibility. First, a portion of the resources allocated to critical
microservices to address SLA violations can be reallocated to
non-critical microservices to improve efficiency. Second, CPU
and memory resources exhibit fungibility, meaning that even
if a critical microservice is experiencing memory interference,
allocating CPU resource to it can more effectively mitigate
performance degradation. For instance, when Compose ex-
periences CPU or memory contention, augmenting CPU or
memory to it cannot effectively alleviate the bottleneck, as
opposed to scaling an equivalent amount of resources for its
upstream microservice Text or another sensitive microservice
Social. Conversely, when Compose faces memory band-
width interference, trading resources between Compose and
any other microservices leads to a degradation of E2E latency.

C. Challenge: Resource Fungibility Is Highly Dynamic

Achieving optimal resource trading is challenging, primarily
because resource fungibility is inherently dynamic.

The primary hurdle lies in selecting the appropriate
microservice for trading, a dynamic task complicated by
its strong causal relationship with previous selections. Con-
sequently, the sequence in which microservices are selected
for scaling becomes pivotal in enhancing resource efficiency.
To validate this perspective, we conducted another experiment
utilizing a simpler service called Search from the Hotel-
Reservation application in DeathStarBench. During this ex-
periment, we introduced 40% CPU and 35% memory capacity
interference! on the machines hosting the Reservation mi-
croservice under consistent load. Furthermore, we augmented
resources separately with a granularity of 0.2 CPU core or
100MB memory to each microservice within the Search
service, as illustrated in Fig. 3. The optimal fungible microser-
vice, paired with the critical microservice Reservation,
was identified as the one that resulted in the smallest E2E
latency. We iterated this experiment multiple times, with each
step based on the optimal scaling result from the previous step.

"The quantification of interference, such as 35% memory capacity, indicates
that a node hosting a microservice has 35% of its memory occupied by
other tasks. This quantification applies similarly to the other three types of
interferences, all based on time-division multiplexing.

Authorized licensed use limited to: Universidade de Macau. Downloaded on August 24,2025 at 03:18:07 UTC from IEEE Xplore. Restrictions apply.



0.0
Sensitivity [

0.2

1.00/0.89/0.76/0.78/0.90
047 034 0:29 0-35 0-35

[RE)0%E) 0.59/0.6110.62/0.59/0.61/0.59 046 [0%ss|

0-06 €-06 0-06 0-06 0-06 0-04 0.04 0.03 0.03 0.03 0.00 0.03 0.04 0.04 0.05 0.06

[\ [=]agk 100 0.89 0.84 1.00 0.93 0.89 0.85 0.84 0.92 0.89 0.86 0.84 0.84 0.89 0.86 0.85
F CPU 10.00 0.10 ©.19 0.00 €.04 €.10 @.11 ©.19 0.06 0.10 4 0.19 0.10 0.10

10

20 30 40 50 60

F Mem
F CPU

P Mem 0.01 0.01. 0.01

P CPU

G Mem
G CPU

10

70

20 30 40 50 60

(c) Memory Interference (%)
Fig. 4: The influence of different factors on microservice
sensitivity to latency, where darker shades indicate higher sen-
sitivity. The values in the heatmap signify the absolute latency
reductions achieved by augmenting corresponding resources.
Ra, S, P, G, F respectively represent the Rate, Search,
Profile, Geo, and Frontend microservices.

As depicted in Fig. 3, the optimal resource trading de-
cision, which involves determining both the fungible mi-
croservice to scale and the type of resource to augment,
varies across all steps. In the initial phase, augmenting CPU
resources for Frontend rather than the critical microservice
Reservation proves more advantageous in reducing end-
to-end latency by up to 30%. However, augmenting CPU
resources directly for Reservation emerges as the most
efficient approach following the initial scaling outcomes, given
the updated status of Frontend after resource augmenta-
tion. Furthermore, in subsequent stages, enhancing memory
resources for Frontend and CPU resources for Search
becomes increasingly beneficial. This suggests that selecting
just one microservice to trade with the critical microservice
undermines resource efficiency.

The second challenge arises from the dynamic sensitivity
of microservices in responding to resource scaling, which is
influenced by factors such as container resource utilization,
load, and interference. This characteristic amplifies the diffi-
culty of selecting the right microservices and their associated
resource type for resource trading under evolving environ-
mental conditions. To elucidate this notion, we embarked on
a series of new experiments centered around the Search
service. Through these experiments, we deliberately manip-
ulated resource utilization of microservice containers, loads,
and interference to examine how individual microservices
respond. To achieve this, we systematically adjusted one factor
within a normalized range from 10% to 90%, while main-
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taining all other factors influencing microservice performance
constant. Subsequently, we incrementally allocated CPU (in
0.2 core increments) or memory (in 100 MB increments) to
each microservice, measuring the resulting latency of each.
The greater the absolute reduction in latency, the higher the
sensitivity of the microservice to scaled resources.

As depicted in Fig. 4(a), the three microservices (Rate,
Search, Profile) exhibited distinct dynamic sensitivity
trends when memory utilization changes. For microservice
Rate, augmenting memory outperformed increasing CPU in
latency reduction when memory utilization of containers was
below 50%, whereas beyond 50%, augmenting CPU yielded
greater performance improvements. Meanwhile, Search mi-
croservice consistently demonstrated that enhancing CPU out-
performed increasing memory, irrespective of changes in mem-
ory utilization. As for Profile, when memory utilization
was below 75%, increasing CPU proved to be the superior
choice, while beyond 75%, the microservice became more
sensitive to memory. Similarly, we investigated the sensitivity
changes in Geo, Frontend, and Rate, under varying QPS
load (100 to 1000 requests/second) with resource utilization of
containers and interference fixed. As illustrated in Fig. 4(b),
these three microservices also exhibited dynamic sensitivity
trends on different resource types with the change of loads.
Finally, we varied the resource contention on machines where
microservices reside from low to high. As depicted in Fig. 4(c),
when Frontend faces high interference in memory capacity,
increasing CPU can yield better performance improvements
than augmenting memory. These results suggests a dynamic
fungibility among different resource types exists for scaling,
highlighting that placing excessive emphasis on contended
resources may be less effective. However, it is crucial to note
that in production environments, the complexity of scaling
further amplifies as multiple factors interact simultaneously.

III. OVERVIEW OF GRAD

This section outlines the framework of Grad, designed as a
microservice resource management solution adept at orches-
trating rapid microservice scaling in response to environmental
fluctuations by harnessing resource fungibility.

A. Key Design Ideas

I : Quantifying microservice sensitivity through modular
learning. Grad first tackles the latter challenge outlined in
§ II-C by employing a modular learning approach to con-
tinuously estimate the dynamic sensitivity of microservice
scaling to environmental changes, including factors such as
container resource utilization, load variations, and various
resource contention scenarios. This scalable learning process
is driven by a Latency Profiling module, which systematically
profiles microservice latency in relation to these factors.

I, : Addressing causality through gradient computation.
Addressing the additional challenge outlined in § II-C, Grad
leverages Taylor approximation and gradient computation to
explicitly capture causal relationship between successive selec-
tions of microservices for resource trading. Given the iterative
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Fig. 5: The system architecture of Grad.

nature of the fine-grained selection process, Grad also relies
on simulated real-time feedback from E2E Latency prediction
to guide the scaling process.

B. System Architecture

Grad deploys a Tracing Coordinator (@ in Fig. 5) and a
Monitor (® in Fig. 5) atop Jaeger [4] and Prometheus [5], re-
spectively. The Tracing Coordinator captures execution paths
dynamically for all online services and extracts individual mi-
croservice latencies for all deployed microservices, along with
tail E2E latency, drawing from historical traces. Simultane-
ously, the Monitor primarily gathers operating system-related
metrics, including resource utilization/usage for each container
and the resource status of their respective physical hosts.
This data assists in quantifying dynamic resource contention
within the cluster. Furthermore, the Monitor is responsible for
collecting real-time load data during runtime.

The Microservice Latency Profiling module (@ in Fig. 5)
utilizes data sourced from the Tracing Coordinator and Mon-
itor to gather samples of microservice latency under diverse
conditions. These samples are subsequently employed to train
a shallow neural network for each microservice. Meanwhile,
the E2E Latency Predictor module (® in Fig. 5) captures the
E2E latency of each request, facilitating the learning of tail
E2E latency based on the latency of individual microservices.
To collect sufficient training data for profiling, Grad also inte-
grates an Anomaly Injector (@ in Fig. 5), introducing diverse
interferences targeting the machine hosting the microservices.

The Allocation Optimization module (® in Fig. 5) is the
core component of Grad. This module leverages offline profiles
to formulate resource scaling decisions for each microser-
vice across varying conditions. Specifically, it gathers explicit
knowledge into the sensitivity of microservice latency to
resource scaling and devises an optimal scaling strategy based
on the current state. Moreover, it utilizes the E2E Latency
Predictor to assess the disparity between the estimated tail
E2E latency of the generated scaling strategy and the SLA,
determining the necessity for further scaling. Scaling actions
are executed on the underlying Kubernetes cluster through the
Deployment module (@ in Fig. 5).
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IV. CHARACTERIZING DYNAMIC RESOURCE FUNGIBILITY
A. Modularized Learning of Microservice Latency

Grad adopts a modular learning approach to model the
latency of individual microservices, contrasting with the
monolithic models employed by Sinan [49], Graf [34], and
Sage [14]. The primary rationale behind this choice is that
these models integrate all features into a unified end-to-end
learning framework, thereby constraining their scalability and
facing challenges in effectively incorporating real-time inter-
ference conditions. Moreover, monolithic models cannot adapt
to dynamic deployments where microservices are frequently
replaced over time; retaining such models proves to be quite
time-consuming [21].

Fluxion [21] similarly adopts a modularized approach to
learn individual microservice latency, requiring each learn-
ing model to encompass all dependencies from downstream
microservices. While explicitly modeling dependencies can
enhance accuracy in subsequently predicting tail E2E Ila-
tency, it concurrently restricts scalability in extending the
input feature space to encompass various resource interference
metrics—critical for Grad to leverage resource fungibility
in optimizing scaling. To effectively address this limitation,
the Latency Profiling module of Grad selectively eliminates
dependencies when analyzing the latency of individual mi-
croservices. Specifically, this module computes the latency [;
of each microservice ¢ by subtracting the response times of all
its downstream microservices from its own response time [28].
The response time measures the duration between the arrival
of a request and the dispatch of the corresponding response.
Essential request timestamp data for this computation can
be sourced from Tracing Coordinator. Notably, this response
time, incorporating both queuing and execution time during
request handling, serving as a comprehensive indicator of the
resource pressure encountered by an individual microservice.

Feature Selection. The Latency Profiling module selects
features from three different types. These include the resource
utilization vector u, = (u¢,u!™), where u¢ and u™ represent
the CPU and memory utilization of microservice containers,
respectively. Since resource utilization metrics are unavail-
able during inference, Latency Profiling resorts to utilizing
resource usage as a substitute of u. Additionally, the features
encompass the per-container load, denoted by p;, which can be
calculated using the formula p; = ®,/n;, where ®; represents
the microservice load and n; is the number of containers
deployed within microservice . Crucially, the features com-
prehensively capture fine-grained resource interference on the
machine where a microservice is deployed, represented by
a vector I; = (I¢, I, I"°, I"), quantifying the extend
of contention on CPU (If), memory capacity (/;"¢), mem-
ory bandwidth (I/*), network bandwidth (I1'*), respectively.
Given that the input features entail multiple value types with
markedly differing ranges, which can impede effective learning
in certain dimensions, the Latency Profiling module addresses
this issue by performing max-min normalization on each
feature dimension of U;, w;, and TZ)
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Latency Profiling. The Latency Profiling module learns
the relationship between the tail (e.g., 95th percentile) of
microservice latency and the corresponding features through
a function f; for each microservice i, represented as:

L= fi(@pi ). )

The profiling module employs a shallow neural network to
approximate this function f; through data fitting. Neural
network offers a more comprehensive and manageable model
structure compared to other widely-used boosting models, such
as XGBoost [9]. Consequently, this concise structure facilitates
Grad to explicitly quantify the sensitivity of microservice
latency to resource scaling, as detailed in § V, while also
achieving high profiling accuracy.

B. Gradient is All You Need

Quantifying the dynamic sensitivity of each microservice to
resource scaling along the execution path within a microser-
vice application is crucial for effectively leveraging resource
fungibility. By employing first-order Taylor approximation on
the latency function of each microservice, the Allocation Op-
timization module of Grad can estimate the sensitivity to both
vertical and horizontal scaling. Specifically, during vertical
scaling where a total amount of  (CPU or memory) resources
is added to all containers of the selected microservice for
resource trading, the decrease in microservice latency AY(r)
can be computed as follows:

- -
vy = (T g T fi (@ e T = 25 T
Ai(r)_fz<uz+ni7pujz) fz(uzvl)ujz)'\/ajm e 2)

In the computation, both CPU and memory resources are nor-
malized using the max-min normalized method. Additionally,
this approximation vectorizes 7 to align with the resource
usage vector u by adding a zero to the type of resource that
remains unchanged.

In contrast, during horizontal scaling, where more contain-
ers are added to microservice ¢ with the current container
configuration specified by 77, the Allocation Optimization
module measures the performance gain A as follows:

hy = £ — 2 PN (@ T
L) = fi( @ e T~ Si( i ) 5
Nafi.( P, _g)
Nap,‘ TLZ'+T/771' n;/’

For horizontal scaling, the Allocation Optimization module
consolidates CPU and memory resources to capitalize on the
fungibility between these two types of resources, contingent
upon the capacity of the entire cluster. For instance, if the
cluster contains 2000 CPU cores and 8000 GB memory, then
2 cores are treated as equivalent to 8 GB memory. The resource
vector ﬁf is accordingly consolidated to generate a scalar
value 7n;. Consequently, the Allocation Optimization module
determines the best scaling approach for microservice ¢ by
directly comparing between Eq. (2) and Eq. (3).

Calculating Gradients. In the computation of sensitivity,
the Allocation Optimization module needs to compute the
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partial derivative % and %. Thanks to the structured neu-

ral network utilized within the latency profiling module for
approximating f;, these partial derivatives can be systemati-
cally obtained through gradient operations from the network.
Given the input 7= (EZ, pi, I;) to the neural network, the
intermediate output at the [-th layer E) can be expressed as:

—

gl =W h(mi=t) + b, @
_>

and, yi = Wil - h(z}) + by.

Here, h denotes the activation function, {W7, W, ..., Wi}
and {b1, bz, ..., by } are the trained weights and biases across
the layers of the model, where k represents the total number
of layers in the neural network. Subsequently, the gradient of
the last-layer output can be calculated as:

R dn
_ T .
dyr = Wi ,1;[1 {dyk—z

T -
. Wk:—l . dxi,

] )
M

where [ . ] M Tepresents the diagonal matrix corresponding
to the vector. With Eq. (5), the partial derivative of f; with
respect to each input dimension can be directly derived from
the gradient accordingly.

As containers from a single microservice may be dis-
tributed across multiple machines, diverse resource contention
scenarios can arise. This diversity underscores the need to
assess latency sensitivity for each container individually when
making both vertical and horizontal scaling decisions. In such
instances, the Allocation Optimization module identifies the
utmost sensitivity as indicative of the entire microservice,
thereby encapsulating the most critical interference scenario
and potential performance bottlenecks.

C. Obtaining Feedback from Predicting E2E Latency

The Allocation Optimization module may conduct multiple
iterations of resource scaling to fulfill the SLA concerning
the tail E2E latency, particularly in scenarios characterized
by significant resource contention or high loads. However,
implementing each scaling decision on a physical cluster takes
time to verify the resulting E2E latency, potentially resulting
in multiple SLA violations throughout the scaling process.
To address this challenge, the Allocation Optimization module
acquires simulated feedback from the E2E Latency Predictor
module to inform the scaling process.

Feature Selection. The Grad system estimates the tail E2E
latency of an entire application by leveraging the latency
of each individual microservice within all execution paths.
However, when a microservice has multiple containers de-
ployed across the cluster, each container may exhibit different
individual tail latencies. To account for this variability and
maintain scalability for the prediction model, the predictor uti-
lizes the mean and maximum tail latency among all containers
of microservice ¢ as input features.

L2 ..,lf},nrlax{lil,l1-27...,lﬁj )

[RRE RN

(6)

Here, p denotes the number of containers for microservice i.

f: = (mean{l

Authorized licensed use limited to: Universidade de Macau. Downloaded on August 24,2025 at 03:18:07 UTC from IEEE Xplore. Restrictions apply.



Self-attention Learning. The intricate interactions among
microservices entail both concurrent and sequential execu-
tions, as well as mutual influences between upstream and
downstream microservices. To address this complexity, our
predictor incorporates a self-attention module [43] atop a
neural network, as depicted in @ of Fig. 5. This attention
mechanism enables the model to dynamically assign vary-
ing degrees of importance to the latency of each individual
microservice in relation to others within the execution path.
By computing a weighted sum of these representations, the
self-attention mechanism allows each microservice to attend to
others with distinct levels of significance. The attention matrix
A is computed as follows:

Q K"
A = Soft == v,
otmax( 27
Q=L W, K=L-Wy, V=L-W,,
L:[L_i;L_;;u-;L_;]

In this context, Q, K, and V denote the query, key, and
value matrices, respectively. L represents the input matrix,
synthesized by concatenating the input vectors of all n indi-
vidual microservices. The dimension dj, which equals 2 in
our scenario, signifies the feature dimension. Wg, Wi, and
Wy, are trainable weight matrices utilized to project the input
matrix L into the query, key, and value spaces. The attention
matrix A is linked to a fully-connected neural network, which
generates the ultimate prediction for the tail E2E latency.
This context-aware approach enhances the model’s ability to
depict the dynamics inherent in the collective performance of
microservices, thereby offering a more precise and compre-
hensive learning of tail E2E latency.

V. OPTIMAL SCALING WITH RAPID RESPONSE

In this section, we delve into the intricacies of the dynamic
scaling mechanism implemented in Allocation Optimization
module. The core principle guiding the scaling process is to
adopt a fine-grained approach, which integrates both vertical
and horizontal scaling during resource trading to effectively
approximate an optimal scaling strategy. Operating at a finer
scaling granularity enables Grad to dynamically select the
most suitable microservices for scaling, thereby minimizing
E2E latency to the greatest extent possible. This approach also
facilitates accurate quantification of the dynamic sensitivity of
each microservice to resource scaling.

The Allocation Optimization module of Grad acts as an it-
erative decision-maker, autonomously selecting microservices
and making scaling decisions. It employs a combination of
offline inference and feedback-driven online scheduling to
promptly mitigate SLA violations. The operational flow of
the scaling process within the Grad system can be divided
into two distinct phases: Prepare and Commit, with the actual
deployment occurring solely in the Commit phase.

In the Prepare phase, the Monitor module gathers environ-
mental data from the cluster and the application’s deployment
configuration, including the resource usage of each microser-

vice denoted as Ug, resource contention represented by I;, and
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Fig. 6: Detailed computation within the Grad interface.

the microservice’s load ®;. Utilizing this data, the optimization
module iteratively selects an optimal set of microservices for
scaling and updates the deployment configurations accord-
ingly. Simultaneously, it incorporates feedback from the E2E
latency Predictor module to estimate a new tail E2E latency
1/15 based on the updated deployment configurations. These
essential steps are facilitated through the Grad interface,
which acts as the core component of the optimization module,
as depicted in Fig. 6. The main functionality of this interface
is to assess the latency sensitivity of each microservice when
scaling a fixed amount of resources (e.g., 7 = 0.2 CPU core
or 100MB memory) both horizontally and vertically. This
evaluation leverages the outcomes presented in Egs. (2) and (3)
to pinpoint the microservice with the highest sensitivity and
determine the associated scaling methodology. Upon updating
the resource configuration of a microservice, the interface
promptly adjusts its sensitivity, thereby directly influencing
decisions in subsequent iterations. This effectively addresses
the causal relationship between consecutive selections.

Once the estimated tail E2E latency 1/)};, from the Prepare
phase successfully meets the SLA requirement, the operational
flow transitions to the Commit phase. In this phase, the
Deployment module applies the resource configurations for
each scaled microservice based on the decisions made by
the Grad interface. Following this, the Tracing Coordinator
module gathers the actual tail E2E latency, denoted as wg,
and verifies if it aligns with the SLA requirement. If the
requirement is met, the entire scaling process is completed.
Otherwise, the process continues, returning to the Prepare
phase again, with the only difference being the utilization
of the actual E2E latency as the new feedback. Nevertheless,
experimental evaluations indicate that such reversions are rare,
transpiring less than 5% of the time.

In scenarios where the microservice load decreases or
resource contention diminishes, the Allocation Optimization
module is capable of initiating scaling down or scaling in
operations to conserve resources. Specifically, if the resulting
tail E2E latency falls below e (default 0.9) of the SLA, the
Grad interface selects a set of microservices with minimal
sensitivity to resource scaling and adjusts their resource con-
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figuration accordingly, as illustrated in Fig. 6. Maintaining a
slack of 0.1 aims to prevent SLA violations due to occasional
performance changes or mis-prediction of tail E2E latency.

VI. IMPLEMENTATION AND EVALUATION

We develop a prototype of Grad atop Kubernetes, integrated
with Jaeger for tracing latency samples and Prometheus for
gathering low-level resource usage metrics and analyzing
resource contention. The Allocation Optimization module is
developed as a Kubernetes plugin, harnessing the parameters
of the hidden layers within the trained network of the Mi-
croservice Latency Profiling module to calculate sensitivity,
with computations executed in milliseconds.

A. Experiment Setup

Microservice Benchmarks: We evaluated Grad using two
open-source microservice benchmarks: DeathStarBench [15]
and Train Ticket [53]. DeathStarBench encompasses three
diverse applications: Social Network, Hotel Reservation, and
Media, containing 36, 15, and 38 unique microservices, re-
spectively. Meanwhile, Train Ticket consists of three distinct
applications: ticket booking, ticket querying, and food order-
ing, with an average of over 20 microservices invoked per ap-
plication. We also utilized traces from the widely-used online
shopping application, Taobao, provided by Alibaba [27]. The
Taobao application comprises more than 2500 microservices.

Cluster Setup: We deployed Grad in a private cluster com-
prising 10 two-socket physical hosts. Each host is equipped
with 52 CPU cores and 128 GB of RAM. Initially, each
microservice container is configured with 0.2 CPU core and
100 MB of memory before scaling.

Anomaly Injection: Grad employs an Anomaly Injector to
simulate various interferences that occur in real-world scenar-
ios, including CPU, memory capacity, memory bandwidth, and
network bandwidth on the host where the microservices are
located. For CPU, memory capacity, and memory bandwidth
interferences, Grad utilizes the Ibench tool [12] to generate
anomaly containers on the injection target nodes. The type
of anomaly can be controlled by the containers’ consumption
of the corresponding resources, while the intensity of the
interference can be adjusted by the number of containers
deployed. The duration of the interference can be managed
by controlling the lifespan of these containers. Regarding
network bandwidth anomalies, Grad employs Iperf3 [3] to
enable injection target nodes to send requests to each other,
thus inducing anomalies. The intensity and duration of network
anomalies are also configurable. This Injector is specifically
designed for the profiling phase and operates for a short
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Fig. 8: Accuracy of latency profiling. (a) Profiling microservice
latency using piece-wise linear regression (PWL), XGBoost
(XGB), and neural network (NN) with varying numbers of
layers. (b) Tail E2E latency prediction on DeathStarBench
(DS), Train Ticket (TT), and Alibaba traces (ALI).

duration. It helps expedites the training process of machine
learning models since real-world workloads may not encounter
all contention situations within a limited training period.

Offline Data Collection: For the profiling of individual
microservice latency in benchmarks, we configured microser-
vice containers with ten distinct settings for CPU (ranging
from 0.1 to 1 core) and memory (from 100 MB to 1000
MB), resulting in resource utilization spanning from 10% to
80%. Meanwhile, the load varied from 20 to 1000 requests
per second and each configuration was subjected to 10 sets of
valid loads. Moreover, we define four distinct intensity degrees
of interference for each type, where interference on CPU,
memory bandwidth, and network bandwidth was normalized
to a range of 30% to 80%, while memory capacity interference
ranged from 30% to 60%. Specifically, to mitigate the impact
of potential load imbalances across containers within the same
microservice, Grad collects the 95th percentile latency for each
microservice under different scenarios. This is done by first
calculating the 95th percentile latency for each pod replica, and
then averaging the 95th percentile latencies across all replicas
within each microservice. Consequently, we amassed a dataset
comprising 600,000 data samples for offline profiling, which
took two hours to gather. This collection time is significantly
shorter compared to existing systems [21], [35]. In Alibaba
clusters, collecting sufficient data for analysis is facilitated by
the availability of application log files where microservices
demonstrate distinct periodic characteristics. To ensure high
profiling accuracy, we require one day’s worth of data from
weekdays, one day’s worth of data from weekends.

Load Generation: We observed that the maximum through-
put of applications in our cluster is 150 (1200) requests/sec
under TrainTicket (DeathStarBench). We conducted evalua-
tions using static and dynamic loads. Regarding the static load,
we generated a diverse range of requests, spanning from as
low as 10 to the threshold of 150 (1200) requests per second
for each application. Dynamic loads are derived from Alibaba
clusters [27]. We adopted the P95 E2E latency as the target
metric, aiming to keep it below SLA. And the range of SLA
is set from 150 ms (low) to 500 ms (high) in the experiments.

Baseline Schemes: We compared the performance of Grad
against the state-of-the art microservice scaling frameworks,
including Erms [28], Sinan [49], and Firm [35].
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e« Erms: The system profiles microservice latency using a
piece-wise linear function and computes the latency target
for each microservice to coordinate global horizontal scaling.

o Sinan: The system estimates the E2E latency using a mono-
lithic model to facilitate resource scaling. However, it faces
limitations in incorporating diverse interference conditions.

o Firm: The system identifies a critical microservice along
each critical path that leads to SLA violations concerning
E2E latency. It then utilizes reinforcement learning to opti-
mize resource scaling for critical microservices.

B. Latency Profiling under Grad

To evaluate the accuracy of Grad’s profiling modules, we
conducted deployments of DeathStarBench and TrainTickets
on our cluster, capturing traces for each microservice. Further-
more, we acquired traces of comparable scale from the Alibaba
cluster to perform assessments in a production environment.

Training overhead. For testing purposes, we randomly
sampled 15% of the dataset, reserving the remainder for
model training. Larger-scale microservice applications typi-
cally require more resources to maintain robust service quality,
leading to a greater number of container replicas and the need
for more physical machines. This, in turn, potentially increases
the amount of training data needed for model convergence.
To understand how Grad’s training overhead varies with in-
creasing cluster sizes, we conducted training on microservice
applications of different scales using an NVIDIA 3090 GPU,
recording the convergence time of the performance model
for a single microservice. As shown in Fig. 7(a), smaller-
scale applications result in shorter convergence times. Fig. 7(b)
shows the time required for the model to reach 90% accuracy
(MAPE). Initially, training time increases with application
scale, but as the scale continues to grow, the increase in fully-
trained time slows down significantly, growing at a rate slower
than linear. Specifically, our latency profiling model, featuring
a simple network structure, can be fully trained within three
minutes based on Alibaba’s complex applications. Conversely,
the data features for the E2E latency prediction model are less
complex, requiring a training set size approximately ten times
smaller than the former. It can be efficiently trained with a
minute. Overall, frequent updates to microservices (usually
twice a week) do not impede the retraining process.
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Microservice latency estimation. To assess Grad’s indi-
vidual microservice latency prediction module, we compared
it with two commonly-used approaches: explicit mathematical
modeling including Erms’ piece-wise linear regression, and
more sophisticated ML algorithms like XGBoost. Additionally,
we explored how prediction accuracy (using Mean Absolute
Percentage Error) was influenced by adjusting the complexity
of Grad’s model architecture, varying the number of layers. As
shown in Fig. 8(a), when employing a 4-layer neural network,
Grad achieved an average accuracy of up to 90% across
all benchmarks and Alibaba traces, significantly surpassing
the piecewise linear method. While XGBoost achieved an
accuracy of 93%, its intricate structure posed challenges in
calculating latency gradients concerning different input dimen-
sions, limiting its ability to quantify microservice sensitivity
effectively. Furthermore, the accuracy of Grad’s prediction
network improved with additional layers, though exhibiting
diminishing marginal returns. For instance, a 4-layer network
demonstrated a 10% enhancement over the 3-layer counterpart,
whereas a 6-layer network yielded merely a 2% improvement
over the 4-layer configuration, all the while significantly
escalating training and inference overhead. Hence, we settled
on a 4-layer configuration for the Grad implementation.

E2E latency prediction. As depicted in Fig. 8(b), Grad
achieves a prediction accuracy of up to 88% for E2E latency,
outperforming Sinan by an average margin of 8.7%. This
underscores its effectiveness in providing precise simulated
feedback to the Allocation Optimization module. Furthermore,
we conducted ablation experiments on the self-attention mech-
anism, unveiling an 11% enhancement in accuracy directly
attributed to this mechanism. This notable accuracy implies
that Grad’s resource scaling scheme, generated solely through
offline optimization algorithms during the Prepare phase,
holds a high likelihood of meeting SLA during actual runtime.

C. Effectiveness of Grad’s Scaling Optimization Mechanism

We conducted an experiment using the compose-post
service included in the Social Network application to examine
the effectiveness of Grad’s scaling approach. Each microser-
vice was initialized with default configurations (0.2 CPU core,
100MB memory, 1 container per microservice). We introduced
varying loads and interference to intentionally exceed the
predefined SLA for E2E latency. Subsequently, by invoking the
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TABLE I: Resource usage (normalized to resource unit) under different settings among various benchmarks and Alibaba traces

Benchmarks DeathStarBench Train Ticket Alibaba
. Methods Grad Erms Sinan  Firm Grad Erms Sinan Firm Grad Erms Sinan Firm
Settings
Low Load 8.30 9.93 11.34 1449 17.64  28.22 29.99 44.10 1449 2173 34.78 35.38
High Load 21.27 2793 3724 5353 69.82 111.72 141.63 157.58 65.17 104.27 169.44  143.37
Low SLA 1693 20.31 3047 3893 47.39 65.82 90.04 127.95 59.24  94.78 159.94  136.25
High SLA 13.62 1635 2289 2598 2344  30.66 40.92 46.05 28.61 40.06 71.53 68.67
Low Interference 1475 1623 25.07 28.02 32.45 51.92 65.15 87.62 3245  48.68 87.62 68.15
High Interference 1587 2221 2539 34091 3491 58.87 70.83 97.27 39.67 63.47 95.20 83.30
1.0 Hotel Social 1.0 Media 1.0 T % = Grad Erms Firm*
3 31 mm Sinan Firm
o
w 52
509 0.9 0.9 0.9 EN I %
S
s F s F =z 0
17 13 1 7 13 1 7 13 1 7 13 DeathStarBench TrainTicket Alibaba
Ranks

Fig. 10: Distribution of the ranking of Grad’s scaling selection.

Grad interface, we aimed to make optimal scaling decisions
at each iteration, ultimately achieving E2E latency levels that
met the SLA. Moreover, during each iteration step, we ex-
haustively explored all potential scaling options, incrementing
resource allocations by uniform units (0.2 CPU core or 100MB
memory) or adding 1 container for each selected microservice.
The heatmaps depicted in Fig. 9 showcase the enhancements
in E2E latency achieved by scaling up CPU or memory, or
scaling out by increasing the number of containers for each mi-
croservice. The blocks outlined with red dashed lines represent
Grad’s selections at each iteration step, while those outlined
with dark blue borders indicate the optimal scaling strategy.
Notably, Fig. 9 presents data for only four microservices, as
over 95% of the most effective scaling choices stem from these
microservices. It is evident that most of Grad’s selections align
with the optimal choices, accounting for a percentage of 41
out of 44. Even in cases of discrepancies, Grad consistently
prioritizes strategies that rank among the top five decisions.
Furthermore, we replicated the same experiment across
all applications within DeathstarBench and TrainTicket. Un-
der each application, we conducted tests across 81 diverse
scenarios, scrutinizing Grad’s rankings in terms of tail E2E
latency improvement across all possible scaling decisions.
As illustrated in Fig. 10, spanning all applications, Grad
consistently identifies the optimal scaling decision in over
87.6% of cases on average, with a low probability of selecting
a decision outside the top five—not surpassing 4%.
Allocating resources to the

i ice with the high g
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experiment mentioned above.
As shown in Fig. 11, this approach led to better performance

Fig. 11: Comparison between
different selection criteria.
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Fig. 12: Average resource usage under all benchmarks.

improvements in only 9.3% of cases, with an average in-
crease of just 19.8% beyond Grad. In contrast, Grad’s choices
achieved over a 32.5% latency reduction in other scenarios.

D. End-to-End Performance

1) Static loads: In this part, we present the overall resource
usage and tail E2E latency under varied static loads, different
degrees of interference, and diverse SLA specifications. Each
benchmark underwent a 30-minute execution period.

Resource saving. We evaluated resource usage by analyzing
the allocation of both CPU and memory resources, where in
our cluster, 0.1 CPU core equates to 50MB memory. Fig. 12
depicts the average resource utilization across these diverse
benchmarks. The results indicate that Grad consistently out-
performs baselines. On DeathStarBench, Grad achieves sub-
stantial resource savings compared to Sinan, Erms, and Firm,
with reductions of 42.7%, 16.1%, and 54.2%, respectively.
Similarly, on TrainTicket, Grad achieves even higher resource
savings, reaching 44.1%, 33.6%, and 60.9%. Notably, when
evaluated using Alibaba traces, Grad achieves an impressive
54.2% reduction in resource usage on average, surpassing the
improvements observed in other benchmarks.

We also conducted an in-depth analysis of resource uti-
lization across diverse settings. As depicted in Tab. I, Grad
achieves remarkable savings of up to an average of 43.6%
under high-load conditions, 56% higher than the reduction
achieved during low-load scenarios. This trend persists across
varying SLA demands; under stricter SLAs, Grad conserves
an additional 15% of resources compared to situations with
relaxed SLAs. When assessing different interference levels,
significant variations in resource usage are observed in Alibaba
traces. Accordingly, Grad achieves an average reduction of
53.2% in resource consumption in Alibaba traces, representing
20% higher savings compared to other benchmarks.

Benefit of harnessing resource fungibility. Existing tech-
niques primarily focus on scaling critical microservices until
the SLA is met. These approaches essentially narrow the
search space, however, potentially resulting in sub-optimal re-
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source allocation. Grad, on the other hand, considers resource
fungibility between critical and non-critical microservices. To
quantify this benefit more accurately, we conducted another
experiment based on a slight modification of Firm’s approach.
Before scaling, we identified the microservice with the highest
gradient from Grad. Subsequently, we employed Firm’s rein-
forcement learning module to make scaling decisions on this
non-critical microservice. We tested this across all benchmarks
and Alibaba traces, with results depicted in Fig. 12. The modi-
fied Firm (Firm*) achieved a 35% resource usage savings, fur-
ther demonstrating that scaling critical microservices may not
be a resource-efficient approach. Despite this improvement,
Firm* still used 53.2% more resources compared to Grad. This
is because reinforcement learning is not fine-grained enough as
it directly outputs scaling decisions that satisfy SLA. During
this process, the microservice most suitable for scaling can
change dynamically, as evidenced in § II-C.

Scaling overhead. Grad employs its E2E prediction module
to assess whether the existing resource allocation meets SLA.
In the case of DeathStarBench and Traintickets, Grad can
formulate scaling plans within 5 to 30 iterations during the
Prepare phase. For each iteration, the primary cost arises from
the gradient-based ranking of microservices, which maintains
a log-linear time complexity relative to the number of mi-
croservices within an application and spans no more than 10
milliseconds on a single AMD EPYC 7452 CPU core. This
results in an average total response time of 130 milliseconds
for all benchmarks and 300 milliseconds for Alibaba’s appli-
cations. This response is significantly faster than Firm, by an
order of magnitude. Given that microservice startup typically
takes tens of seconds, our scheduling overhead is negligible.

The scaling process is also influenced by the iteration step
size and resource trade-offs where 0.1 CPU is equivalent to
50MB memory in our setup, considering the configuration of
our servers in the cluster with 64 cores and 128 GB memory.
To study this influence, we tested our iterative algorithm
using various configurations. As shown in Fig. 13(a), the
number of iterations decreases as the step size increases, while
resource usage increases. This is because aggressive allocation
strategies can lead to missing out on better scaling decisions.
Additionally, Fig. 13(b) shows that, increasing the weight of
CPU (the third bar) by 5x results in a higher proportion of
memory allocation by 8%. This indicates that while meeting
SLA, Grad tends to allocate more “cheap” resources.

Mitigation of SLA violation. Grad executes deployment
using the allocation produced in the Prepare phase and gath-
ers actual E2E latency feedback to determine the need for
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further adjustments during the Commit phase. Typically, such
adjustments are unnecessary. As illustrated in Fig. 14(a), Grad
maintains an average SLA violation probability below 4.7%
across all benchmarks, notably lower than the 10.9% and 6.1%
observed with Sinan and Erms. In instances of violations, Grad
ensures that over 70% can be rectified within three additional
iterations to adhere to the SLA. Furthermore, the worst-case
scenario necessitates no more than 10 iterations, marking a
46% reduction compared to Firm, as depicted in Fig. 14(b).

2) Dynamic loads: To assess Grad’s efficiency in resource
saving within intricate production environments, we conducted
a 400-minute experiment utilizing dynamic loads and var-
ied interferences, and setting a SLA target of 300ms. The
fluctuating trends of both interference and loads were sam-
pled from the Taobao application in Alibaba traces. This
sampling was conducted over a 400-minute period from a
typical workday, capturing the average interference conditions
across 6000 physical hosts. The experiment centered on the
Hotel-reservation application. Additionally, to gauge Grad’s
performance under extreme pressure, we induced a sudden
surge in both load and interference at the 280th minute,
which was followed by a significant fluctuation persisting until
the 300th minute. Fig. 15(a) displays the fluctuation of four
types of interferences over time, while the shaded area in
Fig. 15(b) illustrates temporal load variations. Concurrently,
Fig. 15(b) also depicts the tail latency of requests over the
400-minute duration. All evaluated schemes demonstrated
responsiveness to load and interference fluctuations and were
able to control E2E latency to meet SLA requirements, before
extreme scenarios of rapid load and interference escalation.
As depicted in the magnified region in Fig. 15(b), both Grad
and Firm rapidly responded to the spike, leveraging feedback
information. Grad successfully maintained tail E2E latency
within SLA in 4 minutes. Moreover, it only marginally violates
the SLA by less than 4% during this timeframe. However,
Firm struggled to manage these scenarios characterized by
frequent load and interference changes, leading to continuous
SLA violations (violate the SLA by 10%), lasting for 20
minutes. This is due to the nature of Firm, which necessitates
the collection of actual E2E latency data, and the detection
of SLA violations can only occur once the delayed requests
are executed. Even if resources are promptly increased upon
detecting a violation, there is still a delay in emptying the
existing queues. Furthermore, during this draining process,
the environment may undergo further changes. In contrast,
Grad has the ability to predict E2E latency in the current
state without relying on real-time data collection, allowing for
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more timely responses and reducing the frequency of SLA
violations. Sinan and Erms suffered extended SLA violations
post-peak load (35 and 16 minutes, respectively). This was
attributed to Sinan’s poor adaptability to high interference and
Erms’ oversimplified interference model.

Grad intelligently manages resources to closely align tail
E2E latency with the SLA. This fine-grained approach yields
significant cost savings, as illustrated in Fig. 15(c), which
highlights Grad’s strong capacity to trim the tail end of
resource usage distribution. Notably, within 80% of the time,
Grad saves the overall resource allocation by up to 42.5%,
53.1%, and 59.6% compared to Erms, Firm, and Sinan.

To highlight the role of resource fungibility, we focus on
one state transition between 260 and 280 minutes, comparing
Firm’s and Grad’s decisions. During that period, Firm selected
Reservation as critical microservice and allocated 6 units
of memory to maintain QoS. Grad, on the other hand, allocated
2 units of memory to Reservation and 1 unit of CPU each
to Frontend and Search. Consequently, Grad’s decisions
reduce E2E latency by 12% per iteration on average compared
to Firm as a result of its consideration of resource fungibility.

VII. RELATED WORK

Microservice Performance Modelling. Graf [34] adopts
monolithic models, which integrate all microservices into a
unified E2E learning framework. However, these models en-
counter difficulties in accurately capturing diverse interference
conditions within a shared environment. GrandSLAm [19] cal-
culates the average execution time of individual microservices
to establish performance profiles. Meanwhile, ORION [30]
employs ML to profile latency across heterogeneous resources,
thereby requiring assessment across numerous configurations.
Moreover, Erms [28] applies a straightforward piece-wise lin-
ear function to profile individual microservice latency, which
cannot adequately address the multiple resource usage factors
that influence microservice performance.

Root Cause Diagnosis. Existing studies leverage heuristic
algorithms or ML techniques to detect performance anomalies
and analyze their root causes [14], [16], [18], [24], [25], [35],
[37], [41], [45], [46]. In particular, Firm [35] utilizes SVM
to identify critical microservices with significant impacts on
overall service performance. Meanwhile, Sage [14] constructs
a graphical model to identify the root causes of unpredictable
microservice performance and dynamically adjusts resources.
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Seer [16] employs deep learning to recognize spatial and
temporal patterns associated with SLA violations. However,
these endeavors primarily concentrate on adjusting anomalous
microservices, potentially overlooking the resource fungibility
between critical and non-critical microservices.

Microservice Autoscaling. Numerous microservice au-
toscaling approaches have been proposed in the literature [7],
(81, [101, [14], [17], [19], [28], [31]-33], [35], [36], [47]-
[49], [51]. GrandSLAm [19] and Rhythm [51] quantify the
contribution of each microservice to E2E latency. Ursa [50]
uses an analytical model to decompose the E2E SLA into
per-microservice SLAs and maps them to resource allocations
at the individual microservice level, but it overlooks the
opportunities offered by the fungibility of resources across
microservices. Autothrottle [44] decouples application-level
SLO feedback and service-level resource control by employing
a novel metric—CPU throttles—to drive per-service resource
management with local performance targets. Nonetheless, it
falls short in that it can only scale CPU resources.

VIII. CONCLUSION

We have designed an intelligent, interference-aware re-
source management system tailored for scaling microservices
within shared clusters. This innovative system underscores the
benefits of effectively leveraging resource fungibility between
critical and non-critical microservices. Furthermore, it adeptly
tackles the challenges stemming from the dynamic nature of
resource fungibility during scaling operations by employing
a modular learning approach to profile microservice latency.
Additionally, it adopts a fine-grained optimization scheme to
select the optimal set of microservices for resource trading.
These design features empower the system to promptly address
instances of SLA violation or resource over-provisioning.
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