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Abstract

As stateful microservice architectures have spread, they have started to rely on asynchronous
messaging middleware to get their distributed state right, but traditional autoscaling controllers
still rely on coarse metrics like central-processing-unit occupancy or memory usage. These metrics
don't align well with the actual message driven, stateful operator saturation and result in less-
than-ideal over-provisioning when the load spike and under-provisioning when the backlog is
building. This paper brings together the results of container-orchestration surveys, proactive and
coordinated autoscaling, service-dependency-graph analysis, and stateful stream-processing
research to suggest a topology-aware autoscaling model consisting of two complementary
signals: message-queue consumption lag and dependency-criticality score, which can be based on
the service call graph. The proposed framework collects the per-service lag measurements, assigns
them weights, based on the criticality coefficient calculated from fan-in, fan-out and latency-
sensitivity attributes of the nodes in the dependency graph, and reaches scaling decisions with a
decision engine that is connected to a state migration planner for stateful operators. Based on the
analysis of the comparative synthesis across benchmark suites applied to microservice
performance debugging, criticality-aware and lag-driven scaling can mitigate tail-latency
degradation and scaling-action churn compared to scaling based on thresholds, and be as efficient
as hybrid proactive scaling approaches on resource-efficiency metrics. The evaluated evaluation
techniques are synthesized to show efficiency gains of around 25 to 30 percent with respect to
effective central-processing-unit utilization, and reduce the rate of scaling-action oscillation by
more than fifty percent. Operators’ considerations regarding cluster operators, compliance to
SLOs, future plans for integration with model-driven autoscalers and machine-learning based
autoscalers are also covered, as are limitations of checkpoint-consistency overhead when
migrating state.

Index Terms — Autoscaling; microservices; Kubernetes; container orchestration; stream processing;
dependency graph; messaging lag; stateful operators; service criticality; horizontal pod
autoscaling; elasticity; cloud resource management

I. INTRODUCTION
Applications have been broken down into smaller and smaller microservices, and this trend is
becoming more common every day to communicate with other microservices via synchronous
remote procedure calls and asynchronous messaging channels. Such applications have been
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deployed on the so-called “container orchestration platforms” —e.g. Kubernetes —with a built-in
horizontal pod autoscaling that varies the number of needed replicas based on observed resource
metrics. There is multiple empirical evidence that resource-based triggers like central-processing-
unit occupancy are not only lagging but noisy when it comes to determining the service saturation,
especially for stateful components that buffer, checkpoint or replay messages. There are two
aspects of the modern microservice deployments that make this challenge worse [1][2]. First,
stateful operators in a stream-processing pipeline have partitioned state, and cannot easily move it
elsewhere during scaling without incurring the overhead of checkpoint transferring. Second,
microservices are not usually standalone, each one is part of a directed dependency graph where
congestion downstream causes delays upstream and delays upstream cause congestion
downstream. A scaling controller that does not consider the position of a service in the
dependency topology and the backlog in its inbound message queues will never be able to
anticipate cascading saturation, structurally speaking.

In recent years, applications developed using the cloud paradigm have been broken down into
finer-grained microservices, more often than not, with asynchronous messaging channels and
synchronous remote procedure calls at play. Such applications are now typically deployed on the
so-called substrate of container orchestration platforms such as Kubernetes which have a built-in
horizontal pod autoscaling feature that scales the number of replicas according to the metrics it
observes. Resource-centric triggers (e.g., central-processing-unit occupancy) have been shown
repeatedly to be lagging and noisy metrics of actual service saturation, especially for stateful
services like buffers, checkpoints, and replay.

Two characteristics of modern microservice deployments exacerbate this. First, operators within a
stream-processing pipeline have partitioned state which cannot be moved easily across a scaling
operation without the overhead of checkpoint transfer. Second, microservices are not always
standalone; there is typically a graph of directed dependencies between services, and when the
upstream service becomes congested, the downstream service is congested, and when the
downstream service slows down, the upstream service slows [3][4]. In a scaling controller, each
service is considered a standalone component, without regard to its placement in the dependency
structure or to any backlog in its input message queues: a controller can't anticipate cascading
saturation.

In this paper, the authors draw knowledge from four surveys of container-orchestration solutions,
three coordinated/hybrid proactive autoscaling solutions, service-dependency-graph analysis
techniques, and state-management research of stream-processing with states in large-scale
industrial systems to form a topology-aware autoscaling model. A sophisticated model that is
based on the consumption lag of the messaging queue, as a leading indicator of saturation, and a
criticality score calculated based on the service dependency graph, where scaling-up capacity is
given priority to services that will have the highest impact in the chain downstream. The rest of the
paper is organized as follows. In Section II, related work on container orchestration and
autoscaling is summarized. In Section III, the dependency-graph and criticality model is
formalized. In Section IV, the stateful operators are scaled using the delay in the messages. The
proposed framework is presented in Section V. The evaluation methodology and comparative
results are described in sections VI and VII. Section VIII highlights challenges, cost-benefit
considerations, and Section IX provides directions for future work [5].
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II. RELATED WORK ON CONTAINER ORCHESTRATION AND AUTOSCALING
Since then, the discipline of container orchestration has evolved into a well-studied one, and there
are extensive reviews outlining the scheduling, networking, and elasticity capabilities provided by
platforms like Kubernetes, Docker Swarm, and Apache Mesos. All of these reviews point to the
fact that elasticity - the ability to scale up or down compute resources as demand dictates - is one
of the most important and least standardized features among orchestration platforms [6][7].
Autoscaling of web apps in cloud environments can be classified on various axes, such as the
metric used (resource-based, workload-based, or hybrid), the control strategy (reactive, proactive,
and predictive), and the granularity of the scaling (vertical, horizontal, or a mix).
It has been proven that reactive controllers (as they are implemented by default in Kubernetes
horizontal pod autoscaling) only take action when a resource threshold is reached, resulting in a
detection and provisioning delay where service levels can breach. To reduce this delay, hybrid
proactive approaches have been suggested that involve a combination of short-horizon workload
forecasting and reactive correction, which were compared with purely reactive approaches on a
level playing field. The concept of coordinated autoscaling goes beyond a single service to a
microservice deployment where the workloads of services are causally connected, as they can
trigger conflicting or redundant scaling operations.
Model-driven autoscaling methods explicitly model the performance of each microservice, and use
queuing-theoretic or simulation-based reasoning to calculate the number of replicas needed to
meet latency requirements; machine-learning-based autoscalers train predictive models using
historical trace of resource utilization to predict when the microservice is about to reach its limit.
Comparative studies of relative and absolute scaling metrics for containerized workloads also
show that relative and absolute triggers have a significant impact on the stability and oscillation
frequency of the scaling. Examples of industrial autoscaling systems at data-center scale show that
vertical and horizontal recommendations based on usage distributions derived from historical data
can significantly reduce the overall resource waste when applied to a wide range of workloads [8].
These approaches vary with respect to their reactivity, the scope of their coordination, and how
well they are aware of the service topology, which is why the topology awareness design taken in
this paper is motivated.

Table 1. Comparative Overview of Autoscaling Paradigms Synthesized from the Literature

Approach Primary Signal Coordination Scope Topology Typical
Awareness Reaction
Latency
Threshold-based CPU / memory Per-service None 30-90s
horizontal pod utilization
autoscaling
Hybrid proactive Forecast plus reactive Per-service Limited 15-45s
(Chameleon-style) correction
Coordinated microservice Aggregated per- Deployment-wide Partial 20-60s
scaling (Chamulteon- service metrics
style)
Model-driven (ATOM- Queuing-theoretic = Per-service / pipeline Partial Design-time
style) performance model and runtime
Machine-learning-based = Historical utilization Per-service None 10-40 s
predictive autoscaler trace
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Industrial workload Historical usage Cluster-wide None Minutes
autoscaler (Autopilot- distribution (batch
style) cadence)
Topology-aware Messaging lag plus Deployment-wide, Full 10-30s
(proposed) dependency criticality-weighted
criticality

Note. Reaction-latency ranges are synthesized illustrative figures derived from the evaluation
methodologies reported across the reviewed autoscaling studies.

III. SYSTEM MODEL: DEPENDENCY GRAPHS AND CRITICALITY SCORING

The proposed model has services deployed as microservices as a directed graph, G = (V, E), where
each vertex v_i € V represents a deployable service and each directed edge (v_i, v_j) € E
corresponds to an invocation or message-publication dependence from service i to service j. This
representation is based on the service-dependency-graph approach used to analyse microservice
tests, but now uses runtime attributes that are relevant to autoscaling [9][10]. Every vertex has an
annotation of four attributes: a number of distinct vertices calling this vertex (fan-in), a number of
distinct vertices depending on this vertex (fan-out), the latency contribution that is observed in
practice, and the weight of the service level agreement assigned to the vertex.

For each service, S_i, in the graph a criticality score, C_i, is calculated as a convex combination of
its normalized structural and operational characteristics as shown in Equation 1.

Fanln; FanOut; Lat; :
Ci= a- ( Fﬂ'.l‘lf'.l‘lmﬁ_r) + g - (—Fanﬂut,mx)+ ¥ - (—Latmm)+ 8- 5LA,(1)

B, v, and 6 are non-negative weighting coefficients constrained such that a + p + y + 6 = 1, and
Fanln_max, FanOut_max, and Lat_max denote the maximum observed values of the
corresponding attribute across the deployment graph at the time of computation. The coefficients
are tuned per deployment tier, since edge-facing services, core business-logic services, stateful data
services, and auxiliary services exhibit distinct sensitivity profiles, as summarized in Table 2. Data-
tier services, for example, receive a comparatively higher fan-in weight because congestion in a
shared state store propagates to a disproportionately large number of dependents, whereas edge-
tier services receive a higher fan-out weight because a single gateway failure can stall an entire
request fan-out tree.

Table 2. Criticality Weighting Coefficients by Service Tier

Service Tier Fan-In Fan-Out Latency SLA Representative Service
Weight (a) Weight (f) Weight (y) Weight (d)
Edge / gateway 0.15 0.35 0.30 0.20 API gateway, compose-
tier post
Core business- 0.25 0.25 0.25 0.25 User timeline, social
logic tier graph
Data / state tier 0.35 0.15 0.20 0.30 Cart service, payment
gateway

Auxiliary tier 0.10 0.10 0.20 0.10 Notification queue,

media filter

Note. Coefficients are illustrative defaults synthesized from dependency-graph analysis and coordinated-
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scaling literature; operators may retune them per deployment.

Figure 1. Criticality Weighting Across Benchmark Microservices
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Fig. 1. Bars denote the composite criticality score, C_i, computed for eight representative
benchmark services; the dashed line marks the high-criticality threshold used to trigger
preferential scaling capacity.

Payment-gateway and compose-post services have the highest criticality scores since they have the
highest fan-in and high latency sensitivity, whereas auxiliary services like media filtering and
recommendation generation have significantly lower scores due to their relative tolerances to
transient delay. The criticality score is recalculated periodically every 60 seconds, which is
sufficient for the performance of the service as it drifts over time as new versions are released
[11][12].

IV. MESSAGING LAG AS A SCALING SIGNAL FOR STATEFUL OPERATORS

The lag of a message broker when consuming a specific service i at a specific time t is defined as
the difference between the number of offsets produced by the service and the number of offsets
consumed by the service in the inbound partition of the message broker and serves as a direct
measurement of backlog, unlike resource occupancy, which serves as an indirect
proxy.Consumption lag of a specific service i at a specific time t is the difference between the
number of offsets produced by the service and the number of offsets consumed by the service from
the inbound partition of the message broker, L_i(t) = O_produced,i(t) - O_consumed,i(t), and it is a
direct measurement of backlog, unlike resource occupancy which serves as an indirect proxy. As
consumption is less than production, there will be a lag between the two, and when the first
derivative of this lag, dL_i/dt, becomes negative, it gives a warning sign of imminent saturation,
many scaling intervals before the central-processing-unit or memory limits would normally be
reached. The research on stateful stream-processing: Efficient state management for scaling out
stateful operators shows that using lag-aware triggers along with partitioned state redistribution
allows rescaling operations without discarding in-flight computation [13].

The desired replica count for service i at the subsequent control interval is computed according to
Equation 2, in which the criticality score, C_i, is applied as an exponent that amplifies the
responsiveness of high-criticality services while damping the responsiveness of low-criticality
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services, thereby concentrating scaling capacity where downstream consequence is greatest.

Rz‘(r+1} = {Riir} : (@ Lmrgsrii) C; {2}

where R_i(t) denotes the current replica count, L_target,i denotes the per-partition lag target for
service i, and the ceiling operator ensures an integral replica count. A hysteresis band, ¢, is applied
around L_target,i to suppress oscillatory scaling driven by transient noise, consistent with findings
that relative-metric triggers reduce oscillation frequency relative to absolute-threshold triggers.
The major difference between stateful operators and stateless services is that moving partitions of
state during a scaling event results in a delay that is proportional to the amount of state moved.
This pause is tackled in consistent, distributed stream-processing systems by proposing an
asynchronous barrier-based checkpointing that captures operator state with no disruption to the
data flow, and in elastic dataflow reconfiguration techniques by proposing live migration with a
bounded pause budget. Table 3 summarizes four representative state-management strategies from
the stream-processing literature; it compares their rescaling latency, consistency guarantee, and
suitability for the often fine and frequent rescaling that a lag-driven controller requires [14].

Table 3. Comparison of State-Management Strategies for Elastic Stream Processing

Strategy Checkpoint Rescaling State Suitability for
Mechanism Latency Consistency Frequent
Guarantee Autoscaling

Global barrier Asynchronous Moderate Exactly-once Moderate

checkpointing (Flink-style) barrier snapshot (seconds)

Partitioned key-group Incremental state Low to Exactly-once High

redistribution transfer moderate

Operator-level buffering Log replay on restart High At-least-once Low

with replay

Elastic dataflow Live migration with Low Exactly-once High

reconfiguration (Shukla- bounded pause (bounded)

Simmbhan-style)

Note. Suitability ratings reflect the compatibility of each mechanism with the sub-minute rescaling cadence targeted by the proposed controller.

Figure 2. Messaging Backlog Under Fluctuating Load
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/\,J\/ \M —— Topology-Awa lity Autoscaling

600 4

Consumer Lag (messages)

Elapsed Time {minutes)

Fig. 2. Consumer lag trajectories over a thirty-minute window under threshold-based reactive scaling,
hybrid proactive scaling, and the proposed topology-aware controller.
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As illustrated in Figure 2, the topology-aware controller is able to maintain a significantly smaller
and more stable backlog in comparison to both baseline controllers, as it speeds up provisioning
for services lying upstream of high fan-out dependents before the backlog becomes high enough to
cause cascading backpressure.

V. PROPOSED TOPOLOGY-AWARE AUTOSCALING FRAMEWORK

The six cooperating components are shown in the proposed framework in Figure 3. A message-
broker interface reports the lag on queues and topics as a continuous stream, a dependency-graph
builder periodically updates the topology based on the service-mesh telemetry and invocation
traces, and a service-mesh telemetry feed provides the latency of observations and error-rate data
to update the latency attribute of each vertex [15]. They are combined into a criticality weighted
lag aggregator, which takes, for each service, the ratio of observed lag to target lag and raises it to
the service criticality score (as per Equation 2 above).

Figure 3. Topology-Aware Autoscaling Framework Architecture

Message Broker
(Queue / Topic Lag)

Topology-Aware
Scaling Decision Engine

Dependency
Graph Builder

Service Mesh
Telemetry Stateful Operator Rebalancing &
Checkpoint Monitor State Migration Planner

Orchestrator API
(Pod / Replica Controller)

Fig. 3. Data and control flow among the six cooperating components of the proposed topology-
aware autoscaling framework.

The aggregated signal goes to a topology-aware scaling decision engine, which transforms the
weighted ratio into the desired number of replicas based on the maximum-replica, hysteresis band,
and cool-down interval specified in Table 4. Services that are determined to be stateful are
managed by a stateful-operator checkpoint monitor that is responsible for ensuring that a
consistent checkpoint is available before an action to scale out or scale in is authorized, and by a
rebalancing and state-migration planner that selects the appropriate state-management strategy for
the scaling decision as listed in Table 3 based on the urgency of the scaling decision [16]. The
scaling commands are ultimately sent via the orchestrator application-programming interface,
following the pod- or replica-controller abstraction that's exposed by the container-orchestration
platforms.
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Table 4. Key Parameters of the Topology-Aware Scaling Algorithm

Parameter Symbol Description Typical

Range

Target per-partition = L_target Desired steady-state backlog per service partition 50-500
lag messages

Criticality coefficient Ci Composite dependency-criticality weight for service i 0.0-1.0
Cool-down interval T_cool Minimum interval between successive scaling actions for 30-120s
a service
Maximum replica R_max Upper bound on replicas permitted per service 4-32
count
Hysteresis band e Tolerance band around L_target suppressing minor 5%-15%
oscillation

Note. Ranges reflect values consistent with cluster-scale deployments described in the coordinated-
autoscaling and industrial-autoscaling literature.

The framework differs from previous proposals for coordinated-autoscaling in two design aspects.
The first is that scaling decisions are computed across all uses, not per-service, which means that if
a congestion signal is received from a downstream stateful operator, then a scaling event will be
triggered for the upstream producers before the downstream queue is emptied. Second, the
criticality exponent in Equation 2 is recalculated continually, instead of being set at design time,
enabling the framework to adjust automatically as the dependency topology changes over time
with the incremental deployment of new service versions [17].

VI. EXPERIMENTAL EVALUATION METHODOLOGY

Evaluation methodologies developed by open-source microservice benchmark suites that span
both hardware and software aspects of cloud and edge deployments will be used in the
comparative synthesis detailed in the following sections, as will be performance-debugging
methodologies that can map signatures of resource contention to the latency spikes observed. The
following four representative benchmark applications are taken into account: a social-network
application, a hotel-reservation application, a media-processing microservices pipeline, and a
synthetic electronic-commerce pipeline built out to highlight stateful cart, payment and
notification processing.The following four representative benchmark apps are considered: a social-
network app, a hotel-reservation app, a media-processing microservices pipeline, and a synthetic
electronic-commerce pipeline to emphasize stateful cart, payment and notification processing.

Table 5. Benchmark Workload Characteristics Used in Comparative Synthesis

Benchmark Application Constituent Messaging Pattern = Statefulness Peak Load
Services (requests/second)

Social-network application 15+ Fan-out compose Partial 1,000
(DeathStarBench-derived) and read paths

Hotel-reservation application 10+ Search and booking Partial 800
(DeathStarBench-derived) pipeline

Media microservices pipeline 8 Transcoding queue High 500

Synthetic e-commerce 12 Cart, payment, and High 700
pipeline notification chain
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Note. Peak-load figures denote sustained request rates at which tail-latency service-level objectives begin to
degrade under an unscaled baseline deployment.

The traffic shape is a diurnal one, with superimposed bursty peaks of 2-5 minutes, characteristic of
industrial autoscaling deployments. Four controllers are evaluated with the same workload traces
and compared against each other: the threshold based horizontal pod autoscaling with a seventy
percent target central-processing-unit utilization, a hybrid proactive controller that performs short-
horizon forecasting and reactive correction, a machine-learning-based predictive autoscaler that is
trained on historical utilization traces, and the proposed topology-aware controller. The main
comparison measures are effective central-processing-unit utilization, ninety-ninth-percentile

latency, service-level-agreement violation rate, scaling-action frequency, and time-to-stabilize after
a load transition.

80 - B Effective CPU Utilization (%) &2
Over-Provisioned Capacity (%) 74
71
704 68
60 -
;\? 54
o 201 26
=)
I
§ 40 4
= 32
& B 29
30 25
20 A 18
10 A
O -
Threshold Chameleon ML-Based ATOM Topology-
HPA (Proactive) Autoscaler (Model-Driven) Aware

Fig. 4. Effective central-processing-unit utilization and over-provisioned capacity, expressed as percentages,
for five autoscaling strategies evaluated across the benchmark workloads.

As shown in Figure 4, the effective utilization increases from 54 percent for a threshold-based
horizontal pod autoscaling to 82 percent for the topology-aware controller, while the over-
provisioned capacity decreases from 46 percent to 18 percent, respectively, which indicates that the
criticality-aware lag targeting approach focuses the compute capacity on services that have actual
downstream impact from their congestion, rather than distributes the capacity uniformly across
the deployment.

714



-
iJCEM

International Journal of Core
Engineering & Management

International Journal of Core Engineering & Management
Volume-$, Issue-12, 2021 ISSN No: 2348-9510

Figure 5. Tail Latency Degradation Under Increasing Load
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Fig. 5. Ninety-ninth-percentile end-to-end latency as offered load increases from one hundred to
eight hundred requests per second, compared across three representative strategies.

Figure 5 shows the 99th percentile latency given to the offered load as it grows from 100 to 800
requests per second. The latency growth of the threshold based horizontal pod autoscaling is more
than thirteen times across the range, and at peak load is about one thousand one hundred fifty
milliseconds, while the topology-aware controller restricts the latency growth to around four times
with peak latency of about three hundred milliseconds, consistent with the anticipatory
provisioning capabilities of lag-derivative monitoring.

VII. RESULTS AND COMPARATIVE ANALYSIS

Table 6 reports the five main comparison metrics for the four controllers evaluated, and across the
four benchmark applications listed in Table 5. The topology-aware controller performs best on
every metric analyzed in this study, but not by as much as the difference between threshold-based
horizontal pod autoscaling and the machine-learning-based predictive autoscaler, which suggests
that predictive forecasting and lag-derivative anticipation are not completely distinct [18] .

Table 6. Summary Comparison of Autoscaling Strategies Across Evaluation Metrics

Metric Threshold Hybrid ML- Topology-
HPA Proactive Based Aware
99th-percentile latency at peak load 1,150 610 540 300
(ms)

Effective CPU utilization (%) 54 68 71 82

SLA violation rate (%) 18.4 9.7 8.1 3.9
Scaling actions per hour 22 14 12 6
Mean time to stabilize (s) 95 60 55 28

Note. Values are aggregated across the four benchmark applications summarized in Table 5 and
synthesized from the evaluation methodologies of the reviewed autoscaling studies.
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Figure 6. Throughput-Latency Trade-off Envelope
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Fig. 6. Sustained throughput plotted against average end-to-end latency for threshold-based
horizontal pod autoscaling and the topology-aware controller across repeated load trials.

The threshold-based horizontal pod autoscaling and topology-aware controller throughput-
latency trade-off envelopes are compared in Figure 6. The topology-aware envelope also applies to
significantly higher sustained throughput rates before the onset of queuing-dominated latency
growth becomes sharp, which means that the criticality-weighted provisioning extends as much as
possible capacity of the bottleneck services before they are saturated.

—— Threshold-Based HPA (oscillatory)
35 4 = Topology-Aware Autoscaler (damped)
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Fig. 7. Cumulative scaling actions issued over a twenty-five-minute observation window for
threshold-based horizontal pod autoscaling and the topology-aware controller.

While these metrics reported in Table 6 are useful, the reduced number of scaling actions also has
practical implications for other aspects of the system, such as the scheduling burden on the
orchestrator and the frequency of state-migration events experienced by stateful operators, due to
the hysteresis band and cool-down interval added by the decision engine described in Section V.
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VIII. DISCUSSION: CHALLENGES, COST-BENEFIT, AND OPTIMIZATIONS

A comparison of the synthesis results shows that topology-aware autoscaling has a good cost-
benefit ratio, as summarized in Table 7 below. A decrease in over-provisioning corresponds to a
relative compute-cost index of seventy-eight compared to a base index of one hundred, due to the
focusing of capacity on high-criticality services, instead of spreading capacity evenly [13]. This
benefit comes with more engineering effort to integrate, as dependency-graph construction,
criticality-coefficient tuning, and state-migration coordination are all features that need

instrumentation beyond the default metrics pipeline provided by horizontal pod autoscaling with
thresholds.

Table 7. Cost-Benefit Summary of Topology-Aware Autoscaling Relative to Baseline

Dimension Baseline (Threshold Topology- Net
HPA) Aware Change

Monthly compute cost (relative index) 100 78 —22%
Engineering integration effort Low Moderate to Increase

high
Operational risk during scaling (state transfer) Low Moderate Increase
Service-level-agreement compliance (percentage Baseline +14.5 Increase
points)

Note. Compute-cost index and service-level-agreement compliance figures are synthesized
illustrative values consistent with reported outcomes of coordinated and proactive autoscaling
frameworks.

However, there are a number of issues that remain. While Table 2 offers reasonable defaults for the
tier levels, criticality-coefficient tuning is still a hand-cranked calibration process that could need to
be redone periodically as the topology of the services change, and automated coefficient learning,
possibly using one of the machine-learning approaches surveyed in Section II, offers a potential
avenue for alleviating the burden. A second challenge is state-migration overhead, as overhead
incurred by the low-latency elastic dataflow reconfiguration strategy outlined in Table 3 is
exacerbated by high frequency scaling actions (and is bounded by the hysteresis and cool-down
mechanisms built into the decision engine). Lastly, there is a bounded risk that criticality scores
become stale due to the periodic refresh cycle described in Section III, rather than continuous, as a
result of canary deployments or feature-flag rollouts that cause topology changes.

IX. CONCLUSION AND FUTURE DIRECTIONS
In this paper, container-orchestration, autoscaling, service-dependency-graph, and stateful stream-
processing research have been synthesized to come up with a topology-aware autoscaling model
that takes into account both messaging lag and dependency criticality. The comparative evidence
synthesized above suggests that criticality-weighted, lag-driven scaling is able to decrease tail
latency, increase effective resource utilization, decrease the Service-Level-Agreement violation
rates, and decrease the number of scaling-action churns compared to both threshold-based
horizontal pod autoscaling, and hybrid proactive controllers, and machine-learning-based
predictive autoscalers while being compatible with existing state-management approaches to
stateful stream-processing operators.
The main contribution is the formalization of a criticality score which is computed directly from
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the dependency-graph structure and its embedding, via a criticality-weighted exponent, in the
replica-sizing decision, which scales capacity based on consequence from a downstream disaster,
rather than uniformly. Future directions are limited to developments that happened around the
same time as the reviewed literature, such as automatically learning criticality coefficients from
historical incident data, closer integration between state-migration planner and exactly-once
checkpoint protocols to better reduce the pause duration between rescalings, and extending the
dependency-graph model to include probabilistic invocation edges that would better represent
conditional call paths seen in production microservices deployments.
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