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Article Information ABSTRACT
The engineering of scalable cloud systems has matured from empirical practice

Received: November 28, 2025 into a discipline grounded in formal scalability theory, distributed systems research,
and production-derived architectural principles. Existing treatments address load
Accepted: February 16, 2026 scalability, microservices consistency, autoscaling, and production ML reliability as
separate problems, each evaluated through single-mechanism studies conducted
Published: August 08, 2026 under stationary or weakly non-stationary conditions that diverge from production
environments where these problems interact simultaneously. This review closes
that gap by tracing a structural pattern common to all four domains: each first-or-
der engineering solution introduces a second-order problem of comparable diffi-
culty, a regularity not previously consolidated across the scalability, decomposition,
resource optimization, and ML deployment literatures. Its added value over prior
reviews lies in connecting formal theoretical constraints, including Amdahl’s Law,
the Universal Scalability Law, and Conway’s Law, with production-derived quan-
titative benchmarks, rather than treating theory and practice as separate registers.
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Resource Optimization, Scalability The source pool combines foundational theoretical works, empirical studies

published in IEEE and ACM venues between 2018 and 2024, and systematic reviews
and large-sample case study collections, most notably Velepucha and Flores (2023),
covering 71 primary studies of microservices migration, and Paleyes ¢ a/. (2022),
synthesizing 209 machine learning deployment case studies. Inclusion required that
a source report a formal theoretical result, an empirical measurement obtained
under stated experimental conditions, or a synthesis of multiple primary studies;
sources offering only prescriptive guidance without supporting measurement were
excluded. Synthesis proceeded by extracting, for each domain, the mechanism,
experimental conditions, and quantitative outcome, then identifying structural
patterns recurring across domains. The review’s practical engineering contribution is
a set of decision criteria for consistency protocol selection, autoscaling architecture
design, and ML deployment monitoring that translate these findings into guidance
actionable by practitioners operating production cloud systems.

INTRODUCTION

The question of how software systems scale under
a growing workload is among the oldest in distributed
computing, yet it has acquired qualitatively new urgency
as cloud infrastructure has made provisioning both
programmatically accessible and economically transparent.
Before infrastructure-as-a-service became commercially
available, capacity planning required committing to
hardware months in advance: scalability was primarily
a capital allocation problem, and the consequences of
under-provisioning were absorbed at procurement time
rather than at runtime. Cloud elasticity dissolved that
commitment by making resource acquisition a runtime
operation, but it transferred the difficulty elsewhere, into
architectural decisions about service decomposition, state
management, and consistency; into autoscaling policies
whose behavior under bursty and non-stationary demand
remains pootly characterized; and into the operational
discipline required to run complex distributed systems

reliably over time.

The academic literature on cloud scalability has grown
substantially since the early 2010s without always keeping
pace with the practical engineering problems encountered
at production scale. Theoretical results from queuing
theory and distributed systems (Amdahl’s Law, Little’s
Theorem, the CAP theorem) describe fundamental
constraints accurately but offer limited guidance on how
to navigate the trade-offs they expose in real deployments.
Empirical benchmarking studies document performance
characteristics of specific configurations, yet their
generalizability is constrained by workload assumptions
that frequently diverge from production conditions.
Engineering monographs and systematic reviews occupy
a middle position: they synthesize production experience
and translate it into actionable principles, at the cost of
the formal precision that theoretical treatments provide.
Navigating between these registers is itself an open
methodological problem.
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This paper examines the current state of practical cloud
architecture engineering through four interconnected
problems. The first is the formal characterization
of scalability as a multidimensional property and
the mechanisms through which cloud infrastructure
restructures the design space within which architects
operate. The second is the transition from monolithic
which
resolves the throughput limitations of shared-state

to event-driven microservices architectures,
deployments at the cost of introducing distributed
consistency problems that existing solutions address only
partially. The third is the optimization of computational
resources in containerized and servetless environments,
where autoscaling policies, cold-start latency, and multi-
dimensional resource allocation interact in ways that
current tooling handles inadequately. The fourth is the
deployment of machine learning systems in production,
where the gap between experimental model performance
reliability  has
documented but not yet closed by systematic engineering
practice.

The analysis draws on peer-reviewed studies in IEEE

and operational been extensively

and ACM venues, systematic literature reviews, empirical
migration benchmarks, and engineering monographs
addressing cloud architecture and production Al systems
at scale. The scope is bounded to software systems
deployed on cloud or containerized infrastructure;
hardware architecture and network protocol design are
addressed only where they directly constrain the software
engineering decisions under examination. The objective is
to characterize both the current state of practice and the
open problems that limit further progress.

LITERATURE REVIEW

The four problem domains addressed in this paper,
scalability characterization, microservices consistency,
resource optimization under autoscaling, and production
ML reliability, are reviewed in turn below.

Engineering discourse tends to compress the concept
into one property, yet five analytically independent
capabilities operate beneath that label, and treating
them as interchangeable produces both misdiagnosis of
performance pathologies and misallocation of remediation
effort. A system may sustain required throughput under
growing load while accumulating operational complexity
that ultimately renders it unviable, a condition extensively
documented in production literature but underweighted
in architectural decision-making frameworks that treat
load scalability as the primary criterion (Polezhaey,
2026a). Rigorous treatment requires distinguishing at
minimum five dimensions. Load scalability tracks whether
performance stays acceptable as request volume grows.
Administrative scalability asks whether the system can
be operated without proportional growth in engineering
headcount. Geographic scalability is bounded by round-
trip latency once users and infrastructure spread across
regions. Data scalability breaks down at the point where
query performance crosses index degradation thresholds

as dataset size grows. Financial scalability, finally, is the
ratio of marginal infrastructure cost to marginal workload
increment. Systems that achieve strong performance on
one or two of these dimensions while exhibiting weakness
on others are common in practice and constitute a failure
mode that any serious architectural analysis must account
for.

The foundational constraint on the load dimension is
expressed by Amdahl’s Law: the maximum achievable
speedup in a patallel system converges to 1/(1—p) as
the number of processors approaches infinity, where
p is the parallelizable fraction of execution (Amdahl,
1967). In distributed cloud systems, this constraint
manifests at every serialization point in the execution
path: single-writer database instances, synchronous inter-
service calls on the critical path, global locks protecting
shared in-memory state, and centralized coordination
services. Each such point is an instance of the sequential
fraction (1—p) and imposes a throughput ceiling that
additional compute capacity cannot overcome. The
primary engineering objective is therefore the systematic
identification and elimination of serialization points, or
their conversion into asynchronous, eventually-consistent
alternatives wherever correctness requirements permit.
Polezhaev  (2026a) operationalizes this principle as
a concrete architectural audit criterion, providing a
structured framework for tracing serialization across
abstraction layers (from database locking through API
gateway configuration to distributed commit protocols)
that translates the mathematical formulation into an
actionable engineering checklist.

Gunther’s Universal Scalability Law (Gunther, 2007)
extends Amdahl’s model by incorporating coherency
overhead, the cost each node incurs in maintaining
consistency with every other node, as a second negative
term in the throughput function. The model predicts
that beyond a critical system size, coherency overhead
outpaces throughput gains from additional nodes,
causing aggregate throughput to reach a maximum
and subsequently decline. Empirical measurements of
large-scale distributed databases and message brokers
have consistently corroborated this prediction: systems
that fail to minimize inter-node coordination exhibit
throughput curves peaking at comparatively modest
node counts. The practical implication, examined in the
resource management literature (Ghobaei-Arani e/ al,
2020), is that inter-node coordination cost belongs in the
design conversation from day one, not filed away as an
operational detail, and architectural patterns that promise
scalability
coherency overhead encounter throughput ceilings whose

through replication without addressing
location is determined by the coherency coefficient.

Cloud infrastructure restructures the scalability problem
along economic dimensions that precede the technical
ones. The conversion of provisioning from capital
expenditure to variable operational cost, which followed
Amazon Web Services’
compute in 2006, made idle capacity immediately visible as

commercialization of elastic
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recurring expenditure rather than as depreciation deferred
across an amortization schedule. This transparency
elevated financial scalability from a background concern
to a first-class engineering criterion. At the same time,
its own constraints:

cloud infrastructure introduces

vendor lock-in accumulates incrementally through
adoption of proprietary managed services; multi-tenant
execution environments introduce latency variance that
dedicated hardware does not exhibit; and provider egress
pricing renders inter-region data movement unexpectedly
costly at scale. Architectural decisions that treat cloud
infrastructure as categorically superior to alternative

deployment models without accounting for these

constraints produce systems that perform adequately
at modest scale and encounter structural economic

problems at enterprise volumes (Polezhaev, 2026a).

From monolithic to event-driven architectures: The
consistency problem

The case for decomposing monolithic applications
into independently deployable services rests on well-
documented empirical evidence. Velepucha and Flores
(2023) analyzed 71 primary studies and found that the
inability to scale individual service functionsindependently,
combined with deployment-time interdependency
between the
frequently cited drivers of migration from monolithic

components, tepresented two most
architectures. When all application components compile
into a single artifact sharing a relational database,
throughput is bounded by the most heavily loaded
module, fault isolation is absent at the component level,
and release cycles require coordinating every team working
on the shared codebase. Faustino ¢7 a/. (2024) conducted
a controlled stepwise migration study and demonstrated
that these limitations are properties of the deployment
model itself, not of any particular codebase, and require
architectural decomposition to address. Blinowski e#
al. (2022) add an important qualification: under low-
concurrency workloads, monolithic architectures exhibit
lower latency than their microservice equivalents, with
the performance differential attributable directly to the
elimination of network round trips that synchronous
inter-service communication introduces. The trade-off
is not monotonically favorable to decomposition, and
organizations operating at traffic volumes below the
threshold at which decomposition benefits materialize
may incur substantial migration cost for net-negative
performance outcomes.

The scalability gains of decomposition come with
a consistency cost that the literature has not fully
resolved. Once services own independent data stores,
the shared-database atomicity that enforced consistency
in the monolithic model is no longer available. Laigner
et al. (2021) conducted a systematic study of eleven
production microservices systems and found that eight
of them exposed intermediate transactional states
to end users at some point, producing visible data
anomalies that required compensating logic at the user

interface layer, a finding that establishes the consistency
problem as a documented production failure mode. The
canonical substitute for shared-database atomicity, Two-
Phase Commit, reintroduces a coordinator-imposed
serialization bottleneck that negates the throughput
Saga-based patterns
accept weaker consistency guarantees, with incomplete

advantages of decomposition.
executions leaving intermediate states observable to
concurrent readers, while Conflict-free Replicated Data
Types provide convergence guarantees only for data types
expressible as lattice structures, excluding most business
entities with domain invariants such as account balances
or inventory quantities with non-negativity constraints.
Polezhaev (2026¢) addresses this gap through the Adaptive
Consistency Orchestration Protocol (ACOP), a three-
layer middleware mechanism designed to achieve strong
transactional consistency across distributed microservices
without reintroducing a central serialization point.
The protocol operates as a sidecar injected into each
microservice pod via a Kubernetes mutating admission
webhook, requiring no modifications to host container
images, data store schemas, or application logic. The
commitment decision is distributed across participants
through a quorum bus: a State Commitment Certificate
carrying an SHA-3-256 hash of the proposed state
payload is endorsed by a reliability-weighted quorum,
with a dynamic latency monitor temporarily removing
participants whose 99th-percentile endorsement latency
exceeds 40 ms. At 12,000 transactions per second on a 16-
node six-service cluster, Two-Phase Commit exceeded 800
ms at the 99th-percentile latency before the coordinator
saturated; ACOP reached 94.3% of eventually consistent
baseline throughput with a 99th-percentile latency of
7.1 ms. Under network-degraded conditions (150 ms
additional round-trip latency, 0.5% packet loss), ACOP
sustained 91.7% of baseline throughput by dynamically
excluding the two highest-latency participants within 12
seconds of degradation onset. This result reframes the
conventional treatment of the consistency-throughput
trade-off: the throughput penalty of strong consistency is
a property of coordinator-based architectures specifically,
not of strong consistency as such.

Rahmatulloh ez a/. (2022) identify asynchronous event-
driven communication as the mechanism through which
microservices recover throughput advantage at scale,
by replacing synchronous blocking calls with message
passing and eliminating the latency inheritance that chains
synchronous services together. Conway’s Law (Conway,
1968) adds a dimension that purely technical treatments
typically
organizations designing systems produce architectures

of microservices migration underweight:
that mirror their own communication topology. Service
boundary decisions are organizational responses to
coordination constraints that manifest as architectural
structure. A decomposition imposed on a team topology
that does not support its operational maintenance
will exhibit the full cost of distributed

(deployment coupling through shared infrastructure,

systems
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data consistency across service boundaries, distributed
tracing requirements, network partition handling) without
capturing the deployment independence and scaling
granularity that motivated the migration. Polezhaev
(2026a) treats Conway’s Law as an analytical prerequisite
for any cloud architecture evaluation: the viability of
an architectural design must be assessed against the
organizational structure responsible for operating it.
Computational resource optimization in
containerized environments

Kubernetes has consolidated its position as the dominant
container orchestration substrate for cloud-native
production workloads, the CNCF (2023) survey found
adoption by over 96% of organizations using containers
in production, creating a common operational surface on
which resource optimization strategies can be compared
empirically, while concentrating the consequences of its
architectural limitations into a single layer of the stack.
The Horizontal Pod Autoscaler implements reactive
threshold-based scaling by computing desired replica
counts from the ratio of observed to target metric
values at configurable polling intervals. The inherent
limitation of this reactive architecture is that the scaling
signal can only be generated after the metric has already
exceeded the target, meaning a rapid traffic spike causes a
degradation period whose duration equals the sum of the
metric sampling interval, autoscaler decision latency, and
new instance startup time. Polezhaev (20262) identifies
the startup time component as the most variable of
these three, ranging from tens of milliseconds for
pre-warmed lightweight container images to several
minutes for instances that initialize large model weights
or deep connection pools at startup, a range that spans
three orders of magnitude and determines whether a
given reactive scaling policy is operationally viable for a
particular workload class.

Predictive autoscaling addresses the startup lag problem
by forecasting future demand and provisioning resources
in advance. Classical time-seties methods (ARIMA and
exponential smoothing variants) perform competitively
with
exhibit systematic underestimation following demand

on workloads stable periodic structure but
distribution shifts caused by product launches or viral
events, because the stationarity assumption embedded in
their formulation prevents accurate extrapolation beyond
the training distribution. LSTM recurrent networks and
gradient boosting ensembles capture non-stationary
dynamics more robustly at the cost of failure modes
that classical methods do not share: concept drift that
degrades forecast accuracy silently without generating
an alertable signal; label lag in the training feedback
loop that introduces systematic bias; and overfitting
to seasonal patterns outside the training distribution.
Hybrid architectures running both predictive and reactive
mechanisms concurrently address these complementary
weaknesses, but introduce a coordination problem:
when both control loops can issue scale-up commands

independently in response to the same demand event,
their combined effect over-provisions capacity, eroding
the cost advantages that motivated the predictive
component. The current state of practice addresses this
through residual-band coordination, in which the reactive
component operates only within a capacity band defined
relative to the forecast-driven baseline (Lorido-Botran e#
al., 2014).

The KEDA event-driven autoscaler extends the native
HPA by enabling scaling from external event sources
including message queue depth, database cursor position,
and HTTP request rate. For asynchronous workloads,
this a fundamental limitation of CPU-
based reactive scaling: a consumer service processing

addresses

messages from a Kafka topic may show near-zero CPU
utilization while a backlog of thousands of unprocessed
the bottleneck
throughput capacity rather than computational resource

messages accumulates, because is
consumption. CPU-based reactive scaling is structurally
insensitive to this condition; KEDA scales the consumer
directly in proportion to queue depth, ensuring that
processing capacity tracks the actual work backlog. Li ez
al. (2020) report throughput improvements of up to 38%
compared to CPU-based reactive scaling under bursty
queue-depth-driven workloads in empirical evaluation.
Combining vertical resource adjustment (VPA) with
horizontal scaling has been shown to reduce resource
waste by 20 to 35% in workloads with variable per-
request resource intensity (Lorido-Botran ef al., 2014), by
ensuring that each instance is appropriately sized before
additional instances are provisioned, though the two
control loops have distinct feedback timescales whose
interaction under simultaneous deployment has not been
systematically characterized in the literature.

Serverless computing carries the resource optimization
logic to its structural conclusion by eliminating the explicit
provisioning decision and billing only for execution time.
Eismann ez al. (2021) characterized the conditions under
which serverless applications deliver on this promise
through analysis of 89 open-source serverless applications:
the model performs well for episodic workloads with high
inter-arrival intervals, stateless function execution, and
latency requirements that tolerate cold-start initialization.
Cold-start latency is the most consistently cited limitation
of current FaaS platforms, spanning more than two
orders of magnitude across runtime environments, 50
to 150 milliseconds for compiled Go and Rust functions,
1,500 to 4,000 milliseconds for JVM-based Spring Boot
applications under production conditions (Lloyd ez a/,
2018). Vahidinia ez a/. (2023) formalized a reinforcement
learning approach to cold-start mitigation in which an
agent learns pre-warming policies that reduce initialization
frequency without incurring the continuous idle-capacity
cost of static provisioned concurrency; the reward
function directly encodes the trade-off between pre-
warming frequency and resource consumption, making it
adjustable to workload-specific latency budgets. Eismann
et al. (2022) provide complementary evidence on cost:
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the cost advantages of FaaS relative to container-based
deployment materialize only under specific utilization
and high-throughput
frequently exceed cost crossover points beyond which

profiles, sustained workloads
reserved container capacity is economically superior.
Polezhaev (2026a) synthesizes these trade-offs into a
workload classification framework (mapping traffic
pattern, state requirements, latency SLO, and cold-start
tolerance to recommended deployment models) that
makes the deployment decision tractable for practitioners
without requiring per-case cost modeling from first
principles.

Machine learning in production: The engineering
gap

Deploying machine learning systems in production
exposes a gap between how models are evaluated in
controlled settings and how they behave in operational
environments. Amershiezal. (2019) conducted anindustrial
case study at Microsoft across nine Al development
teams and identified three properties of Al components
that make them fundamentally harder to engineer than
traditional software: managing and versioning the data
required for machine learning is substantially more
complex than equivalent tasks in conventional software
projects; model customization and reuse require skills not
typically present in software teams; and Al components
resist treatment as discrete modules because models are
entangled in complex ways and exhibit non-monotonic
error behavior.

Paleyes et al. (2022) synthesized evidence from 209
machine learning deployment case studies and found
that practitioners face challenges at every stage of the
deployment workflow, from data engineering through
model serving to monitoring and maintenance. The
majority of engineering effort in production ML
systems is concentrated in maintaining surrounding
components: data pipeline reliability, feature consistency
between training and serving environments, and the
operational discipline required to detect and respond to
model degradation over time. The training-serving skew
problem deserves particular attention: when the feature
computation logic applied during model training diverges
from the logic applied at inference time, the system
continues to produce outputs that appear structurally
valid while their predictive quality degrades silently. This
failure mode is one of the most common in production
ML deployments and one of the most difficult to detect
through conventional system monitoring;

Polezhaev  (2026b) the production Al
engineering problem from a systems perspective, treating

addresses

a production Al system as a composition of interacting
components (data ingestion pipelines, preprocessing
layers, the inference component, downstream decision
mechanisms, and control structures regulating timing and
resource allocation) whose collective behavior cannot be
predicted from the properties of any single component
in isolation. This framing has a concrete engineering

consequence: it shifts the primary diagnostic question
from “how accurate is the model on the evaluation set?”
to “how reliably does the system maintain alighment
between model predictions and real-world processes as
its operating conditions evolver” The second question
requires monitoring infrastructure that conventional
model evaluation does not provide, and the absence
of that infrastructure is the most common proximate
cause of production Al failures that Paleyes e al. (2022)
document.

The feedback loop problem introduces a dynamic that
monitoring alone cannot address. In recommendation
systems, model outputs influence the environment that
generates future training data: user interactions are shaped
by previous recommendations, gradually concentrating
observed behavior in the regions of the input space that
the model already favors and reducing data diversity.
Polezhaev (2026b) identifies this mechanism as a source
of feedback-driven drift that transforms the training
process into a coupled system where the data distribution
is partially determined by prior model decisions. The
engineering response, active data collection strategies,
diversity-aware ranking, and explicit monitoring of
output distribution concentration, requires treating
the human-Al interaction loop as a design component
of the system rather than as an external condition
that model training must accommodate after the fact.
Latency adds a further constraint absent from model
evaluation in controlled settings: at millions of inference
requests per day, prediction time determines how many
candidate evaluations can be performed within a fixed
response budget, and tail latency, where a small fraction
of requests experiences significantly higher response
times, defines worst-case system behavior regardless
of median performance. Polezhaev (2026b) documents
how production systems converge toward multi-stage
inference pipelines in which lightweight models perform
initial filtering and more complex models are applied to
a reduced candidate set, a pattern empirically observed
in large-scale recommendation architectures and in
distributed serving systems such as Clipper (Crankshaw
et al., 2017).

MATERIALS AND METHODS

This paper adopts a narrative synthesis approach rather
than a formal systematic review protocol such as PRISMA.
The objective is to characterize engineering practice across
four interdependent problem domains, not to answer a
single narrowly defined research question. The source
pool combines three categories of evidence. Foundational
theoretical works establish the mathematical constraints
that bound the discussion (Amdahl, 1967; Gunther, 2007;
Conway, 1968). Empirical studies published in IEEE and
ACM venues between 2018 and 2024 supply quantitative
findings on migration outcomes, autoscaling performance,
and cold-start latency (Blinowski ef a/, 2022; Eismann ef
al., 2021, 2022; Faustino ef al., 2024; Laigner ef al., 2021,
Li et al., 2020; Lloyd et al., 2018; Vahidinia e# al, 2023;
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Velepucha & Flores, 2023). Systematic reviews and large-
sample case study collections aggregate evidence across
a wider set of primary sources, most notably Velepucha
and Flores (2023), which draws on 71 primary studies
of microservices migration, and Paleyes ef al (2022),
which synthesizes 209 machine learning deployment case
studies. Three engineering monographs by Polezhaev
(2026a, 2026b, 2026¢) supply
measurements and architectural frameworks that connect

production-derived

theoretical treatments to empirical benchmarks, most
consequentially the Adaptive Consistency Orchestration
Protocol evaluation reported in Polezhaev (2026¢).

Inclusion required that a source address at least one of
the four problem domains directly and report either
a formal theoretical result, an empirical measurement
obtained under stated experimental conditions, or a
synthesis of multiple primary studies. Sources offering
prescriptive  best-practice
supporting measurement or formal derivation were

only guidance  without
excluded, with one qualified exception. Conway’s Law
(Conway, 1968) is retained despite its sociological rather
than measurement-based origin, because its explanatory
role in the microservices literature is load-bearing and
its corroboration in subsequent organizational studies
is well established. No date restriction was applied to
foundational theoretical sources; empirical and case study
sources were prioritized for recency, with the majority
published between 2018 and 2024.

Synthesis proceeded in two stages. The first stage
extracted, for each domain, the specific mechanism under
study, the experimental or observational conditions under
which it was evaluated, and the quantitative outcome
reported; these extractions are tabulated in the Results

section below. The second stage identified structural
patterns recurring across domains, principally the
observation that each first-order engineering solution
examined here introduces a second-order problem
of comparable difficulty, documented separately for
consistency protocols, autoscaling architectures, and
serverless cold-start mitigation, and consolidated in the
Discussion. Where a single monograph source reports
a novel measurement not independently replicated
elsewhere in the literature, this paper flags it explicitly
instead of granting it the evidentiary weight of multiply
corroborated findings. The ACOP throughput and
latency figures fall into this category and are treated in the
Discussion as results requiring independent replication
before generalization to service topologies beyond the
evaluated six-service cluster.

RESULTS AND DISCUSSION

Table 1 consolidates the quantitative findings extracted
from the reviewed sources across the four problem
domains, organized by the mechanism evaluated, the
conditions under which the measurement was obtained,
and the reported outcome.

Two patterns distinguish the strength of evidence across
rows. Findings corroborated by systematic reviews or
multi-study syntheses, the migration drivers identified
by Velepucha and Flores (2023) across 71 studies, the
deployment challenges documented by Paleyes e/ a/. (2022)
across 209 case studies, and the order-of-magnitude cold-
start gap reported by Lloyd ez a/. (2018), rest on a broad
empirical base and are treated here as established. The
ACOP results, by contrast, derive from a single evaluation
cluster reported in one monograph source; the 94.3%

Table 1: Quantitative findings extracted from the reviewed literature, by problem domain

Domain Mechanism / Condition Reported Outcome Source
Distributed Two-Phase Commit vs. ACOP, 2PC p99 latency exceeded 800 ms at Polezhaev
consistency 12,000 tx/s, 16-node six-service coordinator saturation; ACOP p99 latency | (2026c)
cluster 7.1 ms at 94.3% of eventually consistent
baseline throughput
Distributed ACOP under network 91.7% of baseline throughput sustained; | Polezhaev
consistency degradation, +150 ms RTT, 0.5% | degraded participants excluded within 12 | (2026¢)
packet loss S
Distributed Audit of 11 production 8 of 11 systems exposed intermediate Laigner e al.
consistency microservices systems transactional states to end users (2021)
Architecture Monolith vs. microservices, low- Monolithic architecture exhibits lower Blinowski ez al.
performance concurrency workload latency, attributable to elimination of (2022)
network round trips
Autoscaling KEDA queue-depth scaling vs. Throughput improvement of up to 38% | Li ez a/. (2020)
CPU-based HPA, bursty queue-
depth-driven workload
Autoscaling VPA combined with HPA, variable | Resource waste reduced 20 to 35% Lorido-Botran
per-request resource intensity et al. (2014)
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Serverless Faa$ cold start, compiled (Go/ 50 to 150 ms vs. 1,500 to 4,000 ms; over | Lloyd et al.
deployment Rust) vs. JVM-based (Spring Boot) | two orders of magnitude difference (2018)
runtimes
Microservices | Systematic review of 71 primary | Independent scalability of service Velepucha &
migration studies functions and deployment-time Flores (2023)
interdependency identified as the two
most frequently cited migration drivers
Production ML | Synthesis of 209 deployment case | Challenges documented at every Paleyes ¢/ al.
deployment studies workflow stage; majority of engineering | (2022)
effort concentrated in surrounding
infrastructure rather than model
development

throughput retention and 7.1 ms p99 latency figures
are internally consistent and methodologically detailed,
but they have not yet been independently replicated
at larger service counts or under write patterns more
heterogeneous than the six-service benchmark. The
autoscaling improvements reported by Li ez a/. (2020) and
Lorido-Botran ez al. (2014), 38% throughput gain and 20
to 35% resource waste reduction respectively, occupy an
intermediate position: each comes from a single empirical
study, but both are consistent with the mechanism-level
explanation given in the Literature Review, queue-depth
scaling addresses a blind spot in CPU-based triggers, and
correct instance sizing reduces waste independently of
replica count.

Discussion

A pattern cuts across the four problem domains
examined in this paper: proposed solutions to first-order
engineering problems introduce second-order problems
of comparable difficulty. Microservices decomposition
breaks the throughput ceiling that monolithic shared-
state deployments impose, but the fix comes with a cost:
a distributed consistency problem that coordinator-based
protocols end up solving by reinstating a throughput
ceiling of their own, through serialization. The ACOP
(2026¢) that
this second-order problem is not inherent to strong

result from Polezhaev demonstrates
consistency as such, which opens the question of whether
similar coordinator-free approaches can be generalized to
heterogeneous service meshes with more complex write
patterns and higher service counts than the six-service
evaluation cluster. Hybrid autoscaling closes the reactive
scaling lag gap, yet running predictive and reactive control
loops together creates an interaction problem of its own,
one whose behavior under simultaneous deployment
has not been systematically measured; current practice
manages this through residual-band coordination, an
approach documented in implementation reports but
never formally analyzed. Serverless computing eliminates
the idle-capacity cost of container-based deployment at
the price of cold-start latency. Its reinforcement learning
mitigation (Vahidinia ez a/, 2023) has so far only been
evaluated in simulation, not at the provider infrastructure
scale where scheduling decisions outside the developer’s

control determine the cold-start distribution.

The financial scalability dimension receives less systematic
treatment in the architecture literature than its engineering
importance warrants. Eismann ez a/. (2022) document cost
crossover points between servetless and container-based
deployments for specific workload profiles, but equivalent
analysis is not available for multi-cloud topologies, for
hybrid scheduling of reserved and spot capacity under
variable demand, or for the cost implications of different
consistency protocols at enterprise transaction volumes.
Polezhaev (2026b) documents that CPU utilization (the
primary metric for reactive autoscaling) is structurally
insensitive to the throughput constraints that dominate
Al inference scaling, where GPU memory saturation and
batch construction latency determine effective capacity.
This insensitivity means that standard autoscaling tooling
applied to inference workloads produces systematically
incorrect scaling decisions, and the engineering response
requires custom metrics that expose the workload-specific
bottleneck. The absence of standardized inference-
workload autoscaling metrics in current Kubernetes
tooling represents a gap between the architecture of the
orchestration layer and the requirements of the workload
class that is now among the largest consumers of cloud
compute.

The organizational constraints on cloud architecture
design deserve more analytical weight than they receive
in the majority of technical treatments. Conway’s Law
(Conway, 1968) is cited frequently as a sociological
observation but rarely applied as a binding design
constraint. The same decomposition that delivers
deployment independence and scaling granularity
for forty engineers operating ecight services creates
operational chaos for eight engineers nominally operating
forty services, because the coordination overhead of
distributed deployment, distributed tracing, distributed
data management, and distributed incident response
scales with organizational capacity.

A methodological gap affects all four domains: most
empirical studies evaluate individual mechanisms in
isolation under controlled workload conditions that share
structural properties: stationary or weakly non-stationary
demand, a single failure mode injected at known time,
homogeneous hardware. Production systems encounter
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these problems simultaneously, under demand patterns
that combine stationarity with occasional distribution
shifts, and on hardware whose multi-tenancy introduces
variance invisible to the application layer. The strongest
contributions close this gap by combining formal
characterization of the mechanism with evaluation on
realistic multi-service workloads, as Polezhaev (2026¢)
does for the ACOP consistency protocol and as the
YouTube and Clipper architectures documented by
Covington ez al. (2016) and Crankshaw e a/. (2017) do for
inference scaling. Extending this approach to autoscaling
interaction, to cold-start mitigation under provider-
controlled scheduling, and to the financial scalability of
multi-cloud consistency protocols represents the most
productive near-term research direction across these
domains.

CONCLUSION

The engineering of scalable cloud systems has produced
a set of well-characterized first-order solutions: stateless
service design, containerized orchestration, event-
driven decomposition, serverless execution, predictive
autoscaling. Each one fixes a specific limitation of
eatlier approaches, and each one leaves behind a second-
order problem that the current literature addresses only
partially. Distributed consistency under microservices
decomposition remains an open problem despite
the throughput-compatible strong consistency result
demonstrated by Polezhaev (2026¢), because the evaluation
conditions do not yet cover the service count and write
heterogeneity of large-scale production deployments.
Cold-start mitigation in serverless environments requires
adaptive pre-warming whose effectiveness depends on
provider scheduling behavior outside the developer’s
control. Production ML deployment requires monitoring
infrastructure for data drift, training-serving consistency,
and feedback loop concentration that remains less mature
than the model development tooling it must complement.
these gaps
under conditions that closer approximate production

Closing requires empirical evaluation
reality: realistic multi-service workloads with non-
stationary demand, simultaneous operation of multiple
of
financial as well as performance costs. The engineering
monographs examined here, Polezhaev (2026a, 2026b)

spanning scalability architecture, production Al systems,

optimization ~mechanisms, and measurement

and distributed consistency, demonstrate that the most
actionable advances in this field come from combining
formal problem characterization with production-
scale measurement, and from treating organizational
constraints and financial scalability as co-equal design
variables alongside throughput and latency. As cloud
workloads increasingly consist of Al inference pipelines
whose resource consumption profiles differ fundamentally
from the service-oriented wotkloads for which current
orchestration tooling was designed, the gap between what
orchestration abstractions assume and what production

workloads require will widen unless architectural research

addresses it directly.
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