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Abstract
Cloud platforms host diverse workloads under strict per-
formance objectives while sharing limited infrastructure re-
sources. To handle fluctuating demand, systems use mecha-
nisms such as autoscaling and overcommitment to dynami-
cally adjust resource allocations, which requires anticipating
how resource usage will evolve over time.When these adjust-
ments rely solely on historical usage, systems operate reac-
tively. While this approach is simple and widely deployed, it
often misses sudden demand spikes, leading to throttling and
performance degradation. Instead, proactive systems fore-
cast future demand and provision resources ahead of time,
but their effectiveness is limited because cloud workloads
exhibit highly diverse and unpredictable behaviors. This cre-
ates a key design challenge: a single forecasting model rarely
generalizes across workloads, while per-workload specializa-
tion is too costly to sustain at cloud scale. This thesis tackles
this challenge by seeking a balance between universal and
per-workload modeling to enable practical, ML-driven re-
source management. The goal is to deliver high prediction
accuracy with low overhead and build resource manage-
ment mechanisms that effectively anticipate spikes, elim-
inate throttling, and reduce resource waste across highly
diverse cloud workloads.

1 Introduction
Cloud infrastructures today support millions of virtual ma-
chines, managed databases, and serverless applications, each
exhibiting time varying and unpredictable resource demands.
Efficient resource management is essential to satisfy perfor-
mance objectives and maintain high utilization. To achieve
this, cloud systems employ a combination of mechanisms
including overprovisioning, autoscaling, and scheduling to
continuously adjust resource allocations in response to work-
load dynamics [3, 5, 16, 18, 22, 24, 28–30]. As an example,
vertical autoscaling dynamically adjusts CPU andmemory al-
locations of running services to better match actual demand
with minimal disruption [2, 7, 19, 21, 23]. Existing production
solutions [1, 23] follow reactive strategies, resizing resources
based on observed utilization signals.While simple and easily
deployable, such approaches can lag behind abrupt demand
spikes, leading to throttling and performance degradation.
Recent proactive alternatives [7, 17, 19, 21, 24] incorporate

demand forecasting to anticipate workload changes and pro-
vision resources ahead of time for specific classes of cloud
workloads, such as serverless functions [17] or jobs [24].

Cloudworkloads are highly heterogeneous, spanning from
VM-level traces, large-scale cluster jobs, serverless functions,
and emerging agentic services, with substantial variability
in their temporal behavior [9–11, 13, 14, 17, 19, 20, 35]. As a
result, a single predictive model rarely performs well across
all settings. At the other extreme, fully specialized per work-
loadmodeling, while feasible throughAutoML [25, 27] frame-
works, incurs significant operational and computational over-
head at cloud scale. This exposes a core challenge: neither a
single universal model nor a fully specialized per workload
modeling provides a satisfactory solution in practice. The
former struggles to capture workload diversity, and the latter
is costly to deploy and maintain.
The key question that this thesis aims to address is how

to balance generality and specialization while remaining ef-
fective and deployable. Different cloud use cases, including
VM provisioning, serverless scaling, and agentic workloads,
exhibit distinct characteristics and objectives, requiring adap-
tive yet scalable solutions. This thesis aims to build system-
level resource management solutions, such as autoscaling,
that integrate machine learning in a practical and adaptive
way across diverse cloud workloads.

2 Overview
This thesis tackles the challenge of integratingmachine learn-
ing into cloud resource management while maintaining both
effectiveness and deployability. First, we characterize the
behavior of existing prediction-based resource management
mechanisms across a wide range of real workloads, examin-
ing how different temporal patterns (periodic, bursty, and
irregular) shape their decisions. This reveals which generic
temporal characteristics most strongly influence prediction
accuracy and thus resource and performance efficiency. Sec-
ond, we aim to perform an extensive evaluation of diverse
predictors, including statistical models, machine-learning
methods, deep learning, and emerging foundation models, to
understand which classes of workloads each model handles
best. Third, informed by these insights, we plan to design a
curated model pool that enables selecting the most suitable
model for each workload use case (VM, serverless, agentic)
and temporal pattern, achieving a practical middle ground
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between a single global model and full per-workload special-
ization. Finally, we will integrate this ML-driven selection
mechanism into system-level resource-management policies,
such as autoscaling, and evaluate it against state-of-the-art
solutions, measuring improvements in resource efficiency
and the reduction in throttling and performance degrada-
tion.

3 Preliminary Results
As a first step, this thesis focuses on VM-level vertical au-
toscaling and performas an experimental evaluation of the
following three policies: (i) a reactive production-level au-
toscaler ([2]), (ii) a lightweight proactive policy based on
simple historical forecasting techniques commonly adopted
in practice [19–21, 24], and (iii) an oracular policy with per-
fect future knowledge of resource demand.We evaluate these
policies across four representative workload types derived
from production traces: (1) stationary workload with stable
demand, (2) seasonal workload with periodic patterns, (3)
spiky workload with short abrupt bursts, and an (4) irregular
workload with highly variable and non-stationary behavior.
Figure 1a shows the distribution of resource slack (allocated
but unused CPU) versus insufficient CPU and 1b the percent-
age of throttling events (times where CPU was insufficient),
across the afforementioned workloads with different tempo-
ral patterns.
We observe a consistent trade-off across workload types.

The reactive policy exhibits the highest slack, reflecting con-
servative provisioning to mitigate performance risk. The
predictive policy reduces slack, demonstrating the potential
of forecasting, but increases throttling, especially for spiky
and irregular workloads where abrupt demand changes are
difficult to anticipate. The oracle policy achieves both mini-
mal slack and zero throttling, establishing an upper bound
on attainable performance. These results expose a clear gap
between production behavior and achievable efficiency. They
motivate the need for predictive autoscaling mechanisms
that improve workload anticipation, while eliminating exces-
sive throttling. At the same time, per workload model spe-
cialization is impractical at scale. This motivates the central
direction of this thesis: designing practical, workload-aware
model selection mechanisms that improve prediction qual-
ity without incurring the overhead of fully customized per
workload pipelines.

4 Work To Be Done
Building on the preliminary results of Section 3, the next step
is to bridge the gap between ineffective reactive autoscaling
and widely used lightweight proactive ones. Current proactive
autoscalers [19, 21, 24, 31] typically apply a single forecast-
ing model across workloads (VMs in our use case), which
limits performance under heterogeneous and bursty demand.
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Figure 1. Comparison of Proactive, Reaactive and Oracle
autoscaling solutions across representative workloads.

Rather than fully specializing per workload, which is opera-
tionally costly, we will design a proactive vertical autoscaling
framework that maintains a controlled pool of models, which
will include statistical, machine learning and potentially deep
learning ones. This design will enable model specialization at
a coarser granularity and allow for its benefits in a practical
way. Workloads will be grouped into clusters based on struc-
tural characteristics, enabling adaptive model selection while
keeping ML overhead minimal. The objective is to minimize
resource waste and throttling by aligning model selection
for resource usage forecasting with workload behavior and
cloud use case.
Beyond VM level autoscaling, the thesis will extend this

approach to short lived and bursty serverless workloads and
emerging agentic systems with interactive demand patterns.
We will also study how workload-aware model selection can
inform other mechanisms, such as scheduling and overcom-
mitment. The broader aim is to develop ML-driven resource
management strategies that remain practical, low overhead,
and robust across diverse cloud workloads.

5 Related Work
There has been an extensive collection of prior work across
distinct cloud use cases, like microservices [8, 12, 15, 32] and
serverless functions [4, 6, 26, 33, 34]. Focusing on autoscaling,
the adoption of ML-based solutions in production remains
limited due to performance overheads, interpretability con-
cerns, and engineering complexity [35]. Consequently, many
systems rely on lightweight ML predictors [7] or simple sta-
tistical models [19–21, 24], which have proven effective for
server-level resource forecasting [9]. Recent studies of server-
less scaling show similar behavior: individual ML models
rarely outperform seasonal statistical baselines because of
the diversity of workload patterns [11, 14, 17], while ensem-
ble methods can improve accuracy for spiky and irregular
traces [11]. Therefore, relying on a single forecasting method
is fundamentally limiting, strengthening the case for mecha-
nisms that adapt model choice to workload behavior.
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