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ABSTRACT

Modern cloud-native systems built on microservice architectures present a major challenge for resource optimization:
individual services are not independent but form complex networks of dependencies where scaling, placement, and capacity
decisions for one service directly affect the performance and resource consumption of others. This paper presents a comprehensive
survey of graph-theoretic algorithms and approaches applicable to dependency-aware resource optimization in microservice systems.
We formalize a microservice system as a weighted directed graph in which vertices represent services and infrastructure components,
edges represent runtime calls and data flows, and weights encode metrics such as request rate, latency, retry rate, and network cost.
We systematically analyze eleven categories of graph algorithms - including topological sorting, Critical Path Method, network flow,
shortest path algorithms, centrality metrics (betweenness, PageRank), community detection (Louvain), graph partitioning (METIS
library), minimum spanning trees, graph coloring, directed acyclic graph scheduling (Heterogeneous Earliest Finish Time), and
strongly connected component detection - evaluating their time and space complexity, scalability, and applicability to microservice
resource optimization tasks: bottleneck identification, coordinated scaling, placement optimization, and capacity planning. We
present a load propagation model based on adjacency matrix inversion that enables formal calculation of downstream load
amplification across the entire dependency structure, including a discussion of convergence conditions for cyclic dependency graphs.
Furthermore, we review recent advances in graph neural networks combined with reinforcement learning for adaptive autoscaling,
including systems Graph Attention-aware Fusion Networks, predict end-to-end response times in Graph Neural Networks,
DeepScaler, and HGraphScale, which demonstrate improvements of up to nineteen percents in compute cost (Graph Attention-aware
Fusion Networks), up to forty percents in violation of service-level agreement reduction (DeepScaler), and up to eighty percents in
response time reduction (HGraphScale) compared to traditional approaches - noting that these results span different benchmarks and
metrics. Our comparative analysis reveals that combining classical graph algorithms for structural analysis with graph neural
network-based methods for dynamic adaptation is the most promising direction for production-grade, dependency-aware resource
optimization.
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The study aims to provide a systematic survey of graph-theoretic algorithms and modern
graph-neural-network approaches for dependency-aware resource optimization in microservice
architectures, to formalize the transmission of load across service dependencies, and to define a
practical algorithmic pipeline for bottleneck identification, coordinated scaling, and placement
optimization.

Methods. This survey follows a structured literature selection methodology aligned with
PRISMA guidelines for scoping reviews.

Search strategy. We searched four electronic databases on March 15, 2025. The exact query strings,
adapted to each database's syntax, were:

IEEE Xplore: (“microservice*” OR “micro-service*” OR “cloud-native”) AND (“graph” OR
“dependency graph” OR “call graph” OR “service mesh”) AND (“resource” OR “scaling” OR
“optimization” OR “scheduling™), filtered to 2015-2025.

ACM Digital Library: [[All: microservice*] OR [All: “cloud-native’]] AND [[All: graph] OR
[All: “dependency graph”] OR [All: “call graph”]] AND [[All: resource] OR [All: scaling] OR [AlI:
optimization]], filtered to 2015-2025.

Springer: (“microservice” OR “cloud-native”) AND (“graph” OR “dependency”) AND
(“resource optimization” OR “autoscaling™), filtered to 2015-2025, English only, Computer Science
subject.
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arXiv (cs.DC, ¢s.SE, ¢s.LG): (microservice OR cloud-native) AND (graph OR dependency) AND
(resource OR scaling OR optimization), filtered to 2015-2025.

Additionally, we performed backward snowballing on the reference lists of included papers and
forward snowballing via Google Scholar citations of key works [1], [2], [4], [7]-

Inclusion criteria: (IC1) peer-reviewed conference papers, journal articles, or preprints with at
least 5 citations (or published after January 2024); (IC2) written in English; (1C3) explicitly
addresses microservice or cloud-native architectures; (1C4) employs graph-theoretic or graph-
neural-network methods; (IC5) targets resource optimization, scaling, scheduling, or capacity
planning.

Exclusion criteria:

(EC1) workshop papers, extended abstracts, or posters without full text;

(EC2) studies addressing graph-based methods without application to resource optimization
(e.g., pure fault localization or testing);

(EC3) duplicate publications (shorter conference version when a journal extension exists);

(EC4) studies not modeling inter-service dependencies.

Screening process. The initial database search yielded 707 records (IEEE Xplore: 165, ACM
DL: 225, Springer: 228, arXiv: 89). After removing 143 duplicates by DOI and title matching
(using Zotero reference manager), 564 unique records remained. Title and abstract screening against
inclusion criteria IC1 — IC5 excluded 398 records. Full-text assessment of the remaining 166 papers
excluded 123 (reasons: no graph model — 52; no resource optimization focus — 38; insufficient
technical depth — 21; non-English — 7; retracted or superseded — 5). The final corpus comprises 43
sources.

Quiality assessment. Each included paper was evaluated on three dimensions:

(Q1) presence of formal problem definition or mathematical model,

(Q2) experimental validation on realistic workloads (production traces, standard benchmarks
such as DeathStarBench [29], or simulations with >10 services);

(Q3) comparison with at least one baseline method.

Papers satisfying all three criteria were classified as high quality (24 papers); those satisfying
two as medium quality (14 papers); the remaining 5 are foundational works (algorithms textbooks,
seminal algorithm papers) included for theoretical completeness.

Fig. 1 presents the PRISMA-style selection flowchart.

Scientific novelty. Unified classification of 11 graph algorithm categories specifically for
microservice resource optimization (topological sort, CPM, network flow, centrality, community
detection, partitioning, shortest paths, MST, graph coloring, DAG scheduling, SCC). Previous
works covered these in isolation. Load propagation model with clear convergence conditions for
cyclic dependency graphs (p(A) < 1) and a direct link to SCC detection. Comparative analysis of
classical algorithms vs. GNN approaches (GRAF, PERT-GNN, DeepScaler, HGraphScale),
showing scalability tiers and justifying the hybrid approach. This classification differs from prior
surveys in three specific ways. First, Nguyen et al. [7] focus exclusively on GNN architectures and
do not analyze classical graph algorithms; our survey covers 11 classical categories alongside
GNN-based methods. Second, Waseem et al. [43] map microservice practices to DevOps lifecycle
stages without classifying optimization algorithms; our taxonomy is organized by algorithm
category and optimization task. Third, no prior survey provides a formal load propagation model
connecting graph structure to resource requirements. Table 4 details this comparison, and Table 5
maps each surveyed work to the proposed classification categories.

Relevance. Microservice architecture has become the dominant paradigm for building large-
scale cloud-native applications. Organizations such as Meta (over 18,500 services) [1], Uber
(approximately 4,500 services) [2], Netflix (hundreds of microservices) [3], and Alibaba (over
20,000 services in production traces) [4] operate systems where thousands of interdependent
services process millions of requests per second. Resource optimization in such systems -
determining how much CPU, memory, and replicas to allocate to each service, and where to place
workloads — directly impacts both operational cost and service quality.
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Fig. 1 The PRISMA-style selection flowchart

Source: compiled by the authors

Traditional approaches to resource management treat each service independently: the
Kubernetes Horizontal Pod Autoscaler scales individual workloads based on local CPU or memory
utilization [5], while the Vertical Pod Autoscaler adjusts per-container resource requests. However,
microservices are not isolated components; they form networks of dependencies where a single
external request may traverse 10-15 services [2], generating significant internal traffic
amplification. A system receiving 1,000 external requests per second may produce 9,000 or more
internal calls. Consequently, scaling one service without considering its downstream dependencies
may simply shift the bottleneck rather than resolve it [6].

This fundamental limitation of per-service optimization motivates a graph-based approach.
When a microservice system is modeled as a weighted directed graph - where vertices represent
services and edges represent dependencies annotated with metrics such as request rate, latency, and
fan-out - graph algorithms can formally analyze load propagation, identify bottleneck chains,
optimize placement, and coordinate scaling decisions across the entire dependency structure [7],
[8]. The paper is organized as follows. The literature selection methodology is described first; the
graph model is then formalized; a survey of eleven applicable algorithm categories follows; next,
the load propagation model is derived with discussion of convergence conditions; modern graph-
neural-network approaches are reviewed; and comparative analysis leads to conclusions and future
directions.

Practical significance. The results of this survey can be directly applied by engineers working
with microservice systems. The load propagation model allows quick what-if analysis — for
example, estimating how a 30 % traffic increase at the entry point will affect every downstream
service before bottlenecks appear. The paper provides specific algorithm recommendations for
specific tasks: CPM for finding bottleneck chains, METIS for service placement optimization
(which can save around $3,500/month on cross-zone data transfer costs for a single high-traffic
service pair), and PageRank for identifying which services should get priority resource allocation.
These algorithms naturally combine into an optimization pipeline — topological sort for deployment
ordering, then CPM for bottleneck detection, centrality for priority ranking, community detection
for clustering, and graph partitioning for placement. The paper also gives an honest assessment of
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GNN limitations such as cold-start problems, training scalability, and low interpretability, which
helps practitioners decide when classical algorithms are enough and when investing in GNN-based
solutions is justified.

Graph model of a microservice system. A microservice system can be naturally represented
as a weighted directed graph:

G = (V,E,W) 1)

where V is the set of vertices representing services and infrastructure components; E € V x V is the
set of directed edges representing runtime calls and data flows, and W: E — R® is a weight function
assigning a vector of metrics to each edge.

Vertices in this model correspond to microservices, databases, message queues, caches, API
gateways, and external APIs. Each vertex v € V has attributes including CPU and memory requests
and limits, replica count, actual resource utilization, maximum concurrency, SLO/SLA targets,
business priority tier, and cost per replica [9]. Empirical analysis of production systems shows that
these graphs are sparse (Meta’s 18,500 services produce only ~393,622 edges versus ~342 million
possible), modular, and dynamic, with services constantly being added and removed [1].

Edges represent dependencies between components and carry weight vectors including:
requests per second, average calls per upstream request (fan-out factor), P50/P95/P99 latency, retry
rate, error rate, payload size, network cost, synchronous/asynchronous flag, and dependency
criticality [7]. The distinction between synchronous edges (REST/HTTP, gRPC) and asynchronous
edges (message queues, event buses) is essential: synchronous dependencies create tight temporal
coupling where downstream latency directly adds to upstream response time, while asynchronous
edges decouple temporal behavior but introduce consumer lag as a scaling signal [10].

An important architectural consideration is the difference between static and dynamic graphs.
Static graphs, derived from configuration and source code analysis, represent the space of possible
dependencies. Dynamic graphs, constructed from distributed traces (OpenTelemetry, Jaeger,
Zipkin) and service mesh telemetry (Istio, Linkerd), capture actual runtime behavior [11]. Resource
optimization requires dynamic graphs, as the effective topology may change with workload
patterns, circuit breaker activations, and canary deployments. Morphis [12] demonstrates that
production call graphs at ByteDance concentrate around a small set of recurring invocation patterns
despite continuous structural evolution.

Fig. 2 illustrates a typical microservice dependency graph where edge weights represent the
average number of downstream calls generated per upstream request.

Fig. 2. Microservice dependency graph with fan-out weights
Source: compiled by the authors

Applicability constraints and required transformations. The graph algorithms surveyed in
“Survey of graph algorithms” section were originally developed for specific graph classes.
Applying them to real microservice dependency graphs requires explicit transformations and entails
limitations that must be understood by practitioners.
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DAG requirement and cycle handling. Topological sorting, CPM, and DAG scheduling
algorithms require directed acyclic graphs. However, production microservice graphs frequently
contain cycles arising from bidirectional health checks, callback patterns, and shared-state services
— Meta's analysis [1] identified multiple non-trivial strongly connected components in their 18,500-
service graph. To apply DAG-based algorithms, cycles must first be resolved through SCC
condensation: Tarjan's algorithm (described in the “Strongly connected component detection”
subsection) identifies all SCCs in O(V + E) time, and each SCC is contracted to a single super-
vertex, producing a condensation DAG. The condensed graph preserves the inter-cluster
dependency structure while collapsing intra-cluster cycles. Within each SCC, services must be
treated as a single scaling unit or analyzed separately using cycle-aware methods (e.g., the spectral
radius condition in “Load propagation model” section / equation (4)). This two-phase approach —
SCC condensation followed by DAG analysis — is the standard transformation for applying
topological sort and CPM to cyclic graphs [13].

Parallel branches and fork-join semantics. CPM computes the longest path through a DAG,
which correctly models sequential dependencies. However, microservice request flows frequently
involve parallel fan-out: a single upstream request triggers multiple concurrent downstream calls
(e.g., checkout simultaneously calling payment, inventory, and shipping). For parallel branches, the
end-to-end latency at a join point equals max (latencies of parallel branches), not their sum.
Standard CPM handles this correctly when the DAG is structured with explicit fork and join
vertices — the forward pass naturally computes the maximum across incoming edges at each join
vertex. Practitioners must ensure that the dependency graph includes explicit join vertices where
parallel branches reconverge, rather than modeling parallel calls as independent sequential paths.

Shortest path versus end-to-end latency. Dijkstra's and Bellman—Ford algorithms compute
minimum-weight paths, which represent minimum achievable latency routes. However, actual end-
to-end latency includes vertex processing time (service computation), queueing delays, serialization
overhead, and retry latency — not just edge (network) latency. For accurate latency analysis, edge
weights must include the full processing latency of the destination service: W(U,V) = network
latency(U,V) + processing time(V) + queue wait(V). With this augmented weight definition,
shortest path algorithms correctly compute minimum end-to-end latency. Without it, the results
represent only network-optimal routes and may underestimate actual latency by an order of
magnitude.

Network flow capacity versus service capacity. In classical network flow formulations, edge
capacities represent link bandwidth. In the microservice context, the bottleneck is typically service
processing capacity (requests per second given allocated CPU/memory), not network bandwidth.
The network flow model must therefore use vertex capacities (transformed to edge capacities via
standard vertex-splitting [16]): each service vertex V is split into VIN and Vout connected by an
edge with capacity equal to the service's maximum throughput. This transformation preserves the
max-flow/min-cut properties while correctly modeling service-level bottlenecks rather than
network-level constraints.

Survey of graph algorithms. This section surveys eleven categories of graph algorithms
evaluated for their applicability to resource optimization in microservice dependency graphs. For
each category, time and space complexity, scalability, support for weighted and directed graphs,
and the specific microservice optimization task addressed are analyzed.

Topological sorting for deployment ordering. Topological sorting establishes a linear
ordering of services such that for every dependency edge (u, V), service u appears before v. This is
fundamental for deployment ordering, initialization sequencing, and rolling updates. Two optimal
algorithms exist: Kahn’s algorithm (BFS-based) iteratively removes nodes with zero in-degree,
naturally producing level-by-level ordering suitable for parallel deployment; DFS-based topological
sort uses reverse post-order traversal and extends naturally to Tarjan’s algorithm for detecting
strongly connected components — clusters of circular dependencies [13]. Both algorithms achieve
optimal O(V + E) time complexity and scale linearly. For a typical microservice system with 50—
5,000 services and linearly many dependencies, execution is effectively instantaneous. Kahn’s
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algorithm is preferred when parallel deployment levels are needed; DFS-based is preferred when
combined with strongly-connected-component analysis.

Applicability note: Topological sorting requires a DAG. For microservice graphs with cycles,
SCC condensation must be applied first (see “Applicability constraints” above). Within each SCC,
deployment ordering requires additional strategies such as simultaneous deployment or staged
rollout with backward compatibility.

Critical Path Method for bottleneck identification. The Critical Path Method (CPM) is
highly relevant for microservice resource optimization. It computes the longest weighted path
through a directed acyclic graph, directly identifying the bottleneck chain of service calls that
determines end-to-end response time [14]. The algorithm performs a forward pass computing
earliest start times and a backward pass computing latest start times for each service in the request
processing pipeline. Services with zero slack (float) constitute the critical path — these are the
services where resource investment yields maximum latency reduction. For example, consider a
checkout flow with an SLO of 300 ms traversing the path: frontend (20 ms) — checkout (40 ms) —
payment (60 ms) — fraud-check (80 ms) — external API (100 ms). CPM reveals that scaling fraud-
check or optimizing the external API call produces greater benefit than scaling frontend, despite
frontend receiving the highest traffic. The algorithm runs in O (V + E) time - linear in graph size —
making it suitable for real-time analysis [14]. The stochastic extension, PERT (Program Evaluation
and Review Technique), models latency variability using three-point estimates (optimistic, most
likely, pessimistic), which naturally align with P50/P95/P99 latency percentiles from monitoring
data. PERT enables probabilistic SLO compliance estimation. The PERT-GNN system [15]
demonstrated that combining PERT analysis with Graph Transformers significantly outperforms
baseline methods for end-to-end latency prediction on Alibaba production traces.

Applicability note: CPM requires a DAG and assumes sequential execution along each path.
For parallel fan-out patterns, the dependency graph must include explicit fork-join structure so that
the forward pass correctly computes max(parallel branch latencies) at join vertices. Edge weights
should include full processing latency (network + computation + queue), not just network delay.

Network flow for capacity planning. Network flow algorithms model capacity constraints in
microservice architectures. Each service has a processing capacity (throughput limit), and edges
represent communication channels with bandwidth constraints. The maximum flow algorithm
determines the maximum throughput a system can sustain, while the min-cut theorem identifies the
bottleneck set - the minimum number of service connections whose saturation limits overall system
throughput [16]. Three algorithms are applicable: Ford—Fulkerson (O(E x f _max), conceptual
foundation), Edmonds—Karp (O(VE?), strongly polynomial, suitable for sparse graphs), and Push-
Relabel (O(V?), asymptotically fastest for dense graphs and parallelizable). Push-Relabel is
recommended for capacity planning in large deployments due to its parallelizability and
independence from edge count. Min-cut analysis is particularly valuable for identifying single
points of failure and designing redundancy.

Applicability note: In the microservice context, capacity constraints are typically at service
vertices (throughput limits), not at edges (network bandwidth). Vertex-splitting transforms each
service into an edge with capacity equal to its maximum throughput, enabling standard max-flow
algorithms to identify service-level bottlenecks.

Centrality metrics for critical service identification. Centrality algorithms identify the most
critical services - those whose failure or performance degradation has the greatest cascading impact.
Betweenness centrality, computed by Brandes’ algorithm in O(VE) time, identifies gateway and
broker services through which a disproportionate fraction of request paths flow [17]. Services with
high betweenness are bottleneck candidates and single points of failure; they should receive priority
resource allocation and redundancy. PageRank, running in O (k(V + E)) time with k = 50-100
iterations, captures transitive importance: a service is ranked highly if it is depended upon by many
important services. This naturally models cascading failure propagation — a failure in a high-
PageRank service affects the most important parts of the system. PageRank was originally designed
for web-scale graphs with billions of nodes, so scalability is not a concern for microservice
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deployments [18]. The MicroRank system [19] applies PageRank-style propagation to end-to-end
latency issue localization in microservice environments. Closeness centrality identifies services that
can reach or be reached by all other services with minimum total latency — useful for determining
optimal placement of shared infrastructure services such as caches and configuration servers.

Community detection for service clustering. Community detection algorithms identify
groups of microservices that are more densely interconnected with each other than with the rest of
the system. This reveals natural service clusters for team ownership boundaries (Conway’s Law
alignment), failure domain isolation, independent scaling units, and candidate microservice merges
or splits [20]. The Louvain algorithm achieves near-linear O(n log n) time through greedy
modularity optimization and produces hierarchical community structure matching organizational
levels (team — domain — platform). Its improved variant, Leiden, addresses the resolution limit
problem for detecting small communities in large graphs. For real-time dynamic environments,
Label Propagation Algorithm (LPA) provides the fastest detection at O(n + m) with trivial
parallelizability. Alibaba’s analysis [4] revealed that microservice graphs naturally cluster into
categories with intra-cluster similarity 3.4x higher than inter-cluster similarity.

Graph partitioning for placement optimization. Graph partitioning divides the dependency
graph into balanced subsets with minimal inter-partition communication, directly applicable to
placing service groups on physical nodes, designing failure domains, and multi-region deployment.
The METIS algorithm [21] is the clear choice for production systems, achieving near-linear O(V +
E) time through a three-phase multilevel approach: coarsening (collapsing the graph via heavy-edge
matching), initial partitioning, and uncoarsening with refinement. METIS supports vertex weights
(resource requirements) and edge weights (communication volumes), directly modeling the
microservice placement problem. Co-locating frequently communicating services reduces cross-
zone traffic costs (approximately $0.01/GB per direction in AWS) and latency (0.5-2 ms per zone
crossing). For a service pair exchanging 1,000 requests per second with 40 KB payloads, cross-zone
placement incurs roughly $3,500/month in data transfer costs alone. METIS-based partitioning
minimizes such costs while respecting capacity constraints.

Shortest path algorithms for latency-aware routing. Shortest path algorithms — Dijkstra's
algorithm and Bellman—Ford - compute minimum-weight paths through weighted graphs and are
directly applicable to latency-aware request routing and SLO compliance analysis in microservice
dependency graphs. Dijkstra's algorithm, running in O((V + E) log V) time with a binary heap,
computes the minimum-latency path from any entry point (APl gateway) to every downstream
service, identifying the fastest route through the dependency graph [13]. This is particularly relevant
for systems with multiple paths between services - for instance, when a request can reach a database
service through either a caching layer or a direct query service. Bellman—Ford, though slower at
O(VE), handles negative edge weights, which can model latency reductions from caching or
connection pooling [28]. In microservice environments, shortest path analysis serves three practical
purposes: first, identifying the minimum achievable end-to-end latency for SLO feasibility
assessment; second, detecting routing inefficiencies where requests traverse longer paths than
necessary; third, computing the latency impact of service degradation by re-running the algorithm
with updated edge weights when a service's response time increases [29]. The Seer system [30]
leverages deep learning on microservice call graphs for performance debugging, where shortest-
path analysis through dependency structures helps localize the root cause of latency anomalies.

Applicability note: Edge weights must include the full processing latency of the destination
service (network delay + computation time + queueing delay), not just network latency. Without
this, shortest-path results represent network-optimal routes but may significantly underestimate
actual end-to-end latency.

Minimum spanning trees for infrastructure cost optimization. Minimum spanning tree
(MST) algorithms - Kruskal's and Prim's — find the subset of edges that connects all vertices with
minimum total weight and are applicable to infrastructure topology optimization in microservice
deployments. Kruskal's algorithm runs in O(E log E) time using union-find data structures, while
Prim's achieves O(E log V) with a priority queue [13]. In microservice resource optimization, MST
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algorithms address the problem of designing minimal-cost communication overlays. When
deploying a service mesh (Istio, Linkerd) or configuring inter-service communication across
multiple availability zones or regions, MST identifies the minimum set of direct connections needed
to maintain full connectivity while minimizing total network cost [31]. For a system with N services
across K availability zones, the cross-zone communication cost can be modeled as a complete
weighted graph where edge weights represent data transfer costs; the MST of this graph provides
the optimal communication topology. Additionally, MST-based analysis reveals redundancy
requirements: edges not in the MST represent backup communication paths, and the difference
between MST cost and the cost of adding these edges quantifies the price of fault tolerance [32].
Boruivka's algorithm, with the same O (E log V) complexity, is particularly suitable for parallel
implementation in distributed microservice environments.

Graph coloring for resource conflict avoidance. Graph coloring assigns labels (colors) to
vertices such that no two adjacent vertices share the same color; the chromatic number y(G) is the
minimum number of colors required. While optimal graph coloring is NP-hard in general, greedy
heuristics achieve O(V + E) time and produce near-optimal solutions for sparse graphs typical of
microservice architectures [13]. In resource optimization context, graph coloring addresses
scheduling and isolation problems. Services that share dependencies or compete for the same
resources (CPU cores, GPU accelerators, network bandwidth) are connected by conflict edges;
coloring this conflict graph determines the minimum number of resource pools or time slots needed
to avoid contention. This is directly applicable to batch job scheduling in Kubernetes, where
CronJobs accessing the same databases should be assigned to different time windows to prevent
resource contention [33]. Furthermore, graph coloring can optimize multi-tenant service placement:
services from different tenants sharing physical nodes must be colored such that co-located services
do not create security isolation violations or noisy-neighbor interference. Welsh—Powell algorithm,
which colors vertices in decreasing order of degree, naturally prioritizes high-connectivity hub
services that are most constrained, achieving practical results within a factor of 2 of optimal for
microservice conflict graphs [34].

DAG scheduling for workflow orchestration. Directed Acyclic Graph (DAG) scheduling
algorithms assign tasks represented as DAG vertices to heterogeneous processors, minimizing
makespan (total completion time). The Heterogeneous Earliest Finish Time (HEFT) algorithm [35]
is particularly relevant to microservice workflow orchestration, running in O(V2P) time where P is
the number of available processors (nodes). HEFT operates in two phases: an upward ranking phase
that computes priority based on critical path from each task to the exit node, and a processor
selection phase that assigns each task (in priority order) to the processor minimizing its earliest
finish time. In microservice context, HEFT directly models the problem of scheduling service
replicas across heterogeneous nodes — services have different computational costs on different node
types (CPU-optimized vs. memory-optimized instances), and communication costs between
services depend on co-location. Kubernetes scheduler extensions implementing HEFT-inspired
algorithms have demonstrated improved makespan for DAG-structured microservice workflows
compared to default bin-packing scheduling [36]. The CPOP (Critical Path on a Processor) variant
focuses critical-path tasks on a single fast processor, applicable when a bottleneck chain should be
co-located on high-performance nodes. For dynamic environments where the DAG structure
changes with traffic patterns, list scheduling heuristics provide O(V log V) amortized complexity
suitable for online rescheduling [37].

Strongly connected component detection for circular dependency analysis. Strongly
connected components (SCCs) — maximal subsets of vertices where every vertex is reachable from
every other - identify circular dependency clusters in microservice architectures. Tarjan's algorithm
computes all SCCs in O(V + E) time using a single DFS pass, while Kosaraju's algorithm achieves
the same complexity using two DFS passes [13]. Circular dependencies between microservices
create several operational challenges: deadlock risk during coordinated scaling (service A waits for
B to scale, B waits for A), cascade failure amplification (failure in any SCC member can propagate
to all others), and deployment ordering impossibility (no valid topological order exists within an
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SCC) [38]. Empirical analysis of production microservice graphs reveals that SCCs are more
common than expected: Meta's 18,500-service graph contains multiple non-trivial SCCs arising
from bidirectional health checks, callback mechanisms, and shared state services [1]. SCC detection
enables three practical interventions: first, identifying circular dependencies that should be
refactored into unidirectional flows using message queues or event buses; second, treating each
SCC as a single scaling unit that must be scaled atomically; third, designing circuit breaker
configurations that account for circular propagation paths. The condensation graph - obtained by
contracting each SCC to a single vertex — is always a DAG and can be processed by topological
sorting algorithms for deployment ordering of the remaining acyclic structure [39].

Load propagation model. A key advantage of the graph model is the ability to formally
calculate how load propagates through the system. Let A; denote the total load on service i, A
denote the external load on service i, and a; denote the average number of calls to service j
generated by one request to service i.

Then the total load on each service is:

A=A+ ay - A )
In matrix form, this becomes:
A=2+4T2 (3)
Solving for A:
A=({U—-AT)"1.)0 (4)

where A € R s the fan-out matrix with n = [V| (number of services), and element a;; equals the
fan-out factor from service i to service j if edge (i, j) € E, and O otherwise. The vector A° € R»
contains external request rates (non-zero only for entry-point services such as APl gateways), and A
€ R~ is the resulting total load vector.

Convergence conditions. The matrix inversion (I — AT)* in equation (4) exists if and only if
the spectral radius p(A) < 1. For DAGsS, this is automatically satisfied: after topological ordering, A
is strictly upper triangular and nilpotent (A» = 0), so (I — ATyt =1+ AT + (A2 + ... + (A")r?
converges in at most n steps [13]. For graphs with cycles (SCCs), convergence requires that the
product of fan-out factors along every cycle is strictly less than 1 — intuitively, each traversal of the
cycle must attenuate rather than amplify load. When p(A) > 1, the geometric series diverges,
indicating an unstable feedback loop: the system would generate unbounded internal traffic. This is
a mathematically rigorous signal of an architectural problem (positive feedback loop) requiring
intervention — circuit breakers, rate limiters, or dependency refactoring [39].
Handling retries and error-driven traffic. The base fan-out factor a; represents successful single
calls. In practice, retries amplify traffic. Let r;; denote the retry rate on edge (i, j).

The effective fan-out factor becomes:

a eff=ayx (L+rj+rg+..)=a;/ (1 —ryforrj<1. (5)

Substituting a;_eff into A yields an effective fan-out matrix A_eff that accounts for retry
amplification. This can increase p(A_eff) beyond 1 even when p(A) < 1, explaining how retry
storms destabilize microservice systems [11].

Circuit breaker effects. When a circuit breaker on edge (i, j) activates (open state), the effective
fan-out drops to a;_eff = 0, removing that edge from the propagation model. The system therefore
has multiple operational modes, each with a different effective matrix a mode. The load propagation
model applies within each mode; transitions between modes are triggered by latency or error rate
thresholds and can be analyzed as a piecewise-linear system.

Asynchronous communication. For asynchronous edges (message queues, event buses), the
steady-state load equation (4) remains valid: in equilibrium, consumer throughput must equal
producer throughput regardless of temporal decoupling. However, the model does not capture
transient behavior — queue depth buildup during traffic spikes, consumer lag, or backpressure
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effects. For transient analysis, the model should be extended with queue capacity constraints and
consumption rate parameters, which is beyond the scope of this survey.

Dynamic topology. The fan-out matrix A changes over time due to deployments, feature flag
changes, canary routing, and circuit breaker activations. Equation (4) provides a snapshot estimate
valid for the current topology. In practice, A(t) should be estimated using a sliding window over
distributed traces (e.g., 5-minute window), and equation (4) recomputed periodically. Morphis [12]
demonstrates that production call graphs at ByteDance concentrate around a small set of recurring
patterns, suggesting that A(t) is approximately piecewise-constant, making periodic recomputation
practical.

Validation considerations. The load propagation model is an analytical result derived from the
linear system of equations (2); its correctness follows from the mathematical properties of
geometric matrix series [13]. Empirical consistency is supported by production observations: Uber
reports 10-15x traffic amplification in microservice call chains [2], and Alibaba traces show similar
multiplicative effects [4], both consistent with the model's predictions. Direct validation against
production traces (e.g., comparing equation (4) predictions with measured per-service request rates
from Alibaba traces [4] or DeathStarBench [29]) constitutes an important direction for future
experimental work.

This means that, knowing external traffic and edge weights (fan-out factors), we can estimate
the real load on every service, including all downstream propagation effects. Consider the graph in
Fig. 2 with frontend receiving 500 external requests per second. The adjacency matrix A encodes:
checkout receives 1.0 calls per frontend request, payment receives 1.0 calls per checkout request,
inventory receives 2.0 calls per checkout request, shipping receives 0.5 calls per checkout request,
and fraud-check receives 1.2 calls per payment request. The results of applying equation (4) are
presented in Table 1.

Table 1. Load propagation calculation for the example microservice graph

Service External RPS Propagated RPS Fan-out source
Frontend 500 500 External
Checkout 0 500 1.0 x frontend
Payment 0 500 1.0 x checkout
Inventory 0 1,000 2.0 x checkout
Shipping 0 250 0.5 x checkout
Fraud-check 0 600 1.2 x payment

Source: compiled by the authors

This illustrative example demonstrates that a single external stream of 500 requests per second
generates 2,850 total internal requests per second — a 5.7x amplification factor. While these specific
numbers are derived from the synthetic graph in Fig. 2 rather than production measurements, they
are consistent with empirical observations: Uber reports 10-15x amplification in their microservice
call chains [2], and Alibaba traces show similar multiplicative effects across dependency subgraphs
[4]. Without a graph model, one might allocate resources for checkout at 500 requests per second,
ignoring that inventory requires capacity for 1,000 and fraud-check for 600. This demonstrates why
per-service optimization is fundamentally insufficient: the resource decision for any service cannot
be made locally but must account for the entire dependent subgraph [7].

The load propagation model also enables what-if analysis: if frontend traffic grows by 30%,
equation (4) immediately yields the new load on every downstream service, enabling proactive
scaling of the entire dependency chain before bottlenecks emerge. This is the mathematical
foundation for coordinated scaling strategies such as Chamulteon [6] and pHPA [10], which
monitor traffic and performance metrics across the entire call chain.

Graph neural networks for adaptive optimization. Classical graph algorithms provide static,
offline solutions. Modern Graph Neural Network (GNN) approaches learn adaptive policies that
respond to dynamic workloads, capture complex non-linear relationships between services, and
optimize objectives difficult to express analytically [7]. GNNSs learn node and edge representations
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by iterative message passing: each node aggregates feature information from its neighbors, building
representations that encode both local attributes and structural context, with O(L-(V + E)-d?) time
per forward pass (L layers, d feature dimensions).

Several recent systems demonstrate the effectiveness of GNN-based resource optimization.
GRAF [22] uses a GNN to model service dependencies for SLO-aware proactive resource
allocation, achieving 14-19% CPU savings compared to Kubernetes HPA and 2.6x faster tail-
latency convergence during traffic surges. DeepScaler [23] employs a spatio-temporal GNN with
adaptive graph learning using expectation-maximization to discover implicit service dependencies,
reducing SLA violations by 41% at lower cost. HGraphScale [24] introduces a hierarchical three-
layer GNN (physical machine — virtual machine — container) capturing both service topology and
infrastructure hierarchy, achieving up to 80.16 % reduction in average response time.

Despite promising results, GNN-based approaches have several important limitations that must
be acknowledged. First, regarding benchmark representativeness: GRAF was evaluated on the
Alibaba cluster trace (=4,000 services) and a custom testbed, DeepScaler on the Train-Ticket
benchmark (41 services), and HGraphScale on a simulated three-tier environment - none of these
fully represent the scale and complexity of production systems at Meta (18,500+ services) or
Alibaba (20,000+ services in production) [1], [4]. The reported improvement ranges are therefore
not directly comparable: GRAF's 14-19 % refers to CPU cost savings, DeepScaler's 41 % to SLA
violation count reduction, and HGraphScale's 80 % to average response time reduction -
fundamentally different metrics measured on different systems at different scales. Second, training
scalability remains a challenge: GNN training complexity O(L-(V + E)-d?) per epoch makes
training on graphs with more than 10* vertices computationally expensive, and none of the surveyed
systems have demonstrated training on production-scale graphs [7]. Third, interpretability is limited
compared to classical algorithms: while GNN models learn effective policies, explaining why a
particular scaling decision was made is significantly harder than tracing the logic of a CPM or
centrality calculation — a concern for production systems requiring auditability. Fourth, cold-start
and concept drift: GNN models require historical trace data for training, making them ineffective
for newly deployed services or after major architectural changes until sufficient data is collected
[40]. No surveyed GNN system has been reported as deployed in production at the scale of Meta,
Google, or Alibaba; existing deployments are limited to controlled environments and academic
testbeds.

A particularly significant trend is the combination of classical graph algorithms with GNN
models. PERT-GNN [15] constructs PERT graphs from distributed traces and applies Graph
Transformer for end-to-end latency prediction, demonstrating that the structured analytical power of
classical algorithms enhances GNN performance. PBScaler [25] uses TopoRank - a random walk
algorithm based on topological potential theory — for bottleneck identification before applying
genetic algorithm optimization, achieving the lowest mean response time with minimal resource
consumption. TPRAM [26] applies Transformer attention mechanisms to model microservice
dependencies for critical-path-aware resource adjustment. Table 2 summarizes the key GNN-based
systems for microservice resource optimization.

Table 2. GNN-based systems for microservice resource optimization

System Graph model Method Key result Year

GRAF Service dep. + GNN Optimization | 19% CPU savings 2024

PERT-GNN PERT + Transformer Supervised | Latency prediction | 2023

DeepScaler ST-GNN Adaptive RL 41% fewer SLA 2023

viol.

HGraphScale Hierarchical GNN DRL 80% latency 2025
reduction

PBScaler Topo. potential GA Min. response time | 2024

TPRAM Transformer DDPG CP-aware resources | 2025

Source: compiled by the authors
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Comparative analysis. Table 3 provides a comprehensive comparison of the surveyed
algorithm categories across key dimensions relevant to microservice resource optimization. The
evaluation considers time complexity, support for directed and weighted graphs (essential for
modeling microservice dependencies), scalability to production-sized systems, and the specific
optimization task addressed.

Table 3. Comparative analysis of graph algorithms for
microservice optimization

Category Complexity | Dir. | Wt. | Relevance
Topological sort O(V+E) Yes No HIGH
CPM / PERT O(V+E) Yes | Yes HIGH
Dijkstra / Bellman— O((V+E)lIgV) Yes Yes MEDIUM
Ford
Network flow O(VE?»)-0O(V?) Yes Yes MEDIUM
Betweenness O(VE) Yes Yes HIGH
centrality
PageRank O(k(V+E)) Yes Yes HIGH
Louvain / LPA O(nlgn) No Yes HIGH
METIS partitioning O(V+E) No Yes HIGH
Graph coloring O(V+E)-O(V?) No No MEDIUM
DAG scheduling O(V?P) Yes | Yes HIGH
(HEFT)
GNN + RL O(L(V+E)d?) Yes | Yes V. HIGH

complexity analysis.

Source: compiled by the authors

To substantiate the novelty of the proposed classification, Table 4 compares it with the two
most relevant prior surveys: Nguyen et al. [7], which focuses on GNN applications for
microservice-based cloud systems, and Waseem et al. [43], which provides a systematic mapping of
microservices in DevOps. Neither prior survey offers a unified taxonomy of graph algorithm
categories for resource optimization, nor do they provide a load propagation model or comparative

Table 4. Comparison with prior survey studies

Algorithm taxonomy

types (GCN, GAT,
GraphSAGE)

classification

Dimension Nguyen et al. [7] Waseem et This survey
al. [43]
Scope . GNN. for MlcroserV|ces Graph algorithms for
microservice cloud in DevOps L
L . resource optimization
applications practices
3 GNN architecture No algorithm | 11 classical categories

+ GNN-based

Classical graph algorithms

Not covered

Not covered

Systematic analysis
with complexity

Matrix-based model

Load propagation model Not provided Not provided (Eq. 4)
Complexity comparison Partial (GNN only) None Full (Table 3)
Hybrid classical+GNN Mentioned as future Not
! Analyzed as key trend
analysis work addressed
N . Per DevOps | Per algorithm category
Applicability mapping Per GNN system oractice X task
Number of sources 52 (all GNN-focused) 47 (DevOps- . .43 (graph
focused) optimization-focused)
Resource optimization Partial (one of several | Not primary .
- Primary focus
focus applications) focus

Source: compiled by the authors
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Table 5 maps each analyzed source to its algorithm category, optimization task, graph type,
evaluation metrics, and level of experimental evidence. This mapping demonstrates the coverage of
the proposed classification and enables identification of under-explored combinations.

Table 5. Mapping of surveyed works to the proposed classification

Source Algorithm | Optimization Graph type Key Evidence
category task metrics level
[1] Huye et al. Topology N Directed, Degree, Production
(Meta) analysis Characterization dynamic path length (18,500 svc)
[2] Zhang et al. Bottleneck Latency, Production
(CRISP) CPM identification DAG (traces) cost (Uber)
Community . Clustering .
[4] Luo et al. : N Directed, Production
(Alibaba) detection, Characterization weighted coeff., call (>20,000 svc)
topology freq.
[6] Bauer et al. Coordinated Directed, Latency, Testbed (14

(Chamulteon) Network flow scaling weighted throughput services)

[9] Rzadca et al. DAG . . CPU, Production

(Autopilot) scheduling Autoscaling Directed memory (Google Borg)

. . Testbed
[10] Choi et al. CPM Proactive DAG (chain) Latency, (microservice
(pHPA) scaling SLO chain)
[11] Soldani et al. | SCC detection | Failure analysis Dlrect_ed, Cascade Case study
cyclic depth
[12] Tang et al. Topology, SLO-aware Dynamic, comSII_i(a)nce Production
(Morphis) scheduling scheduling weighted (F:)ost ’ (ByteDance)
[15] Tam et al. Latency E2E latency .

(PERT-GNN) CPM + GNN orediction DAG (PERT) (MAE) Alibaba traces

[19] Yu et al. Centrality Root cause Directed, Localization Production

(MicroRank) (PageRank) localization weighted accuracy traces
[22] Park et al. GNN SLO-aware Directed, CPU cost, Alibaba traces

(GRAF) scaling weighted tail latency + testbed
[23] Meng etal. | GNN (spatio- Holistic Adaptive . SL.A Train-Ticket
. violations,

(DeepScaler) temporal) autoscaling (learned) cost (41 svc)
[24] Fang et al. GNN . 3-layer Response . .
(HGraphScale) (hierarchical) Autoscaling hierarchical time Simulated 3-tier
[25] Xie et al. Centrality + Bottleneck- Directed, Ret?ﬁqc;nse Sock-Shop,

(PBScaler) genetic alg. aware scaling weighted ) Train-Ticket
resources
[26] Chen et al. Transformer Proactive . Prediction i
(TPRAM) (attention) resource alloc. Directed accuracy Sock-Shop
[27] Luo et al. Network flow, | Shared resource Directed, SLA viol. Alibaba traces
(ERMS) Scheduling Mgmt. Weighted prob., cost
[29] Gan et al. Benchmark Benchmark Directed, Latency, Open-source
(DeathStarBench) (multiple) suite weighted throughput benchmark
[30] Gan et al. Shortest path + | Performance Directed RCA DeathStarBench
(Seer) DL debugging (traces) accuracy
. . . . SLO,
[40] Qiu et al. Centrall_ty, Fine-grained Directed resource Testb(_ed (10
(FIRM) scheduling resource mgmt. usage services)

Source: compiled by the authors

The analysis reveals a clear stratification. Linear-time algorithms (topological sort, CPM, LPA,
METIS) scale to graphs with 107+ vertices, making them suitable for even the largest production
deployments. Near-linear algorithms (Louvain, Dijkstra, minimum spanning trees) handle up to 10°
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vertices. Quadratic algorithms (betweenness centrality, graph coloring heuristics) remain practical
for up to 10* vertices, covering most enterprise systems. GNN-based approaches currently scale to
103-10¢ vertices for training, but inference can handle larger graphs [7].

A significant finding is that no single algorithm category addresses all optimization tasks.
Effective dependency-aware resource optimization requires a pipeline combining multiple
algorithms: topological sorting for deployment ordering, CPM for bottleneck identification,
centrality metrics for priority ranking, community detection for clustering, and graph partitioning
for placement. Modern GNN-based systems increasingly adopt this combined approach: PERT-
GNN combines CPM with Graph Transformer [15], PBScaler combines topological potential with
genetic algorithms [25], and GRAF uses GNN-encoded graph structure for SLO-aware optimization
[22].

The scalability of algorithms must be considered against the empirical properties of production
microservice graphs. Meta’s analysis [1] established that these graphs are sparse, modular, and -
importantly — not scale-free. The moderate heterogeneity with some high-degree hub services,
typical depth of 2-6, and branching factor of 2-14 mean that even quadratic algorithms like
betweenness centrality remain practical for the vast majority of real-world deployments.

Results

Findings from the reviewed literature. The load propagation model (equation (4))
demonstrates that inter-service dependencies create significant traffic amplification: the illustrative
example yields a 5.7x factor, consistent with production observations at Uber (10 — 15x [2]) and
Alibaba [4]. The comparative analysis (Table 3) reveals a clear scalability stratification: linear-time
algorithms (topological sort, CPM, METIS) handle graphs with up to 107 vertices, near-linear
algorithms (Dijkstra, Louvain) up to 10, quadratic algorithms (betweenness centrality) up to 104,
and GNN-based approaches 103 — 10* for training. Among GNN systems evaluated in their
respective environments, GRAF [22] reports 14-9 % CPU savings on Alibaba cluster traces,
DeepScaler [23] reports 41 % SLA violation reduction on the Train-Ticket benchmark (41
services), and HGraphScale [24] reports up to 80.16% response time reduction in a simulated three-
tier environment. ERMS [27] reports 5x reduction in SLA violation probability and 1.6x less
resource usage compared to independent per-service optimization on Alibaba traces.

Synthesis and recommendations. Based on the analysis of the surveyed literature, we identify
the following patterns. First, no single algorithm category addresses all optimization tasks —
effective dependency-aware resource optimization requires combining multiple algorithms. Second,
the most promising systems in the reviewed literature combine classical graph algorithms for
structural analysis with GNN-based methods for dynamic adaptation (e.g., PERT-GNN [15],
PBScaler [25], GRAF [22]). Third, coordinated scaling strategies that account for inter-service
dependencies consistently outperform per-service approaches in the studies where they were
evaluated.

Important caveats. The improvement figures cited above were obtained on different
benchmarks (Alibaba traces, Train-Ticket, DeathStarBench, custom testbeds), at different scales (41
to ~4,000 services), and using different metrics (CPU cost, SLA violations, response time). Direct
quantitative comparison across these systems is therefore not possible without a common evaluation
framework. The recommendation of a hybrid classical+GNN pipeline is an analytical synthesis
from the surveyed literature, not an empirically validated result on a single benchmark.

Conclusions. This paper has presented a comprehensive survey of graph-theoretic algorithms
and approaches for dependency-aware resource optimization in microservice architectures. The key
findings are as follows.

First, the graph model G = (V, E, W) provides an optimal representation for microservice
resource optimization because the mapping between the real system (services, dependencies, traffic
flows, and constraints) and the mathematical model (vertices, edges, weights, and constraints) is
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nearly direct. This minimal representational gap enables the application of well-established graph
algorithms with known complexity guarantees and scalability properties.

Second, the load propagation model based on adjacency matrix inversion (equation (4))
indicates that local per-service resource decisions may be significantly suboptimal when inter-
service dependencies create substantial traffic amplification. The traffic amplification effect - where
500 external requests per second generate 2,850 internal requests per second (illustrated by the
synthetic example in “Load propagation model” section / equation (4), consistent with production
amplification ratios reported by Uber [2] and Alibaba [4]) across the dependency subgraph - makes
graph-based analysis essential for accurate capacity planning and scaling.

Third, a promising direction identified in the reviewed literature is the combination of classical
graph algorithms for structural analysis with GNN-based methods for dynamic adaptation. Systems
such as PERT-GNN [15], GRAF [22], and PBScaler [25] suggest that this hybrid approach can
improve upon traditional per-service methods. However, the reported improvements — 14-19%
CPU cost savings (GRAF, Alibaba traces), 41% SLA violation reduction (DeepScaler, Train-Ticket
benchmark), and up to 80 % response time reduction (HGraphScale, simulated environment) —
were obtained on different systems, benchmarks, and metrics. Consequently, these figures should
not be aggregated or interpreted as evidence for the effectiveness of a single hybrid pipeline.
Validating the proposed hybrid approach on a common benchmark remains an important open
challenge.

Fourth, coordinated scaling strategies — exemplified by Chamulteon [6], ERMS [27], and
Uber's CRISP [2] — provide evidence that dependency-aware resource management can yield
significant improvements in the evaluated settings. For example, ERMS [27] reports a 5x reduction
in SLA violation probability and 1.6x reduction in resource usage compared to independent per-
service optimization on Alibaba cluster traces. Whether these improvements generalize across
different workload characteristics, system scales, and infrastructure configurations remains to be
established.

Future work should address several open challenges: the cold-start problem in scaling (where
JVM warm-up consumes 2-3x CPU), observability gaps in dependency detection (incomplete
tracing, metric propagation delays), multi-cluster and multi-region dependency graphs, and the
integration of graph-based optimization with emerging infrastructure paradigms such as serverless
computing and edge-cloud architectures. The development of standardized benchmarks for
evaluating dependency-aware resource optimization algorithms — like DeathStarBench for
microservice workloads — would significantly advance the field.

Limitations. This survey has several limitations that should be considered when interpreting its
findings. First, as a literature survey rather than an experimental study, the comparative analysis
(Table 3) is based on reported results from heterogeneous evaluation environments; we did not
independently reproduce or validate any of the cited experimental results. Second, the literature
search, while systematic, was limited to four databases and English-language publications,
potentially missing relevant work in other venues or languages. Third, the load propagation model
(equation (4)) assumes steady-state conditions and linear fan-out relationships; real systems exhibit
non-linear behavior under saturation, bursty traffic patterns, and adaptive routing that the model
does not capture. Fourth, the proposed hybrid pipeline (classical algorithms + GNN) is an analytical
recommendation based on observed trends in the literature, not a validated system; its practical
effectiveness, implementation complexity, and operational overhead remain to be demonstrated.
Fifth, the mapping of algorithms to optimization tasks (Table 5) reflects applicability as described
in the surveyed papers; algorithms not yet applied to a particular task are marked as not applicable,
which may understate their potential.
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AHOTAIIS

CydacHi XMapHi cCHCTEeMH, OOYIOBaHI Ha MIKpOCEPBICHIH apXiTEKTypi, CTBOPIOIOTH (pyHAAMEHTAIbHY IIPOOIeMy ONTHMI3aril
pecypciB: OKpeMi cepBicH He € He3aJeXHUMH, a YTBOPIOIOTH CKJIQJHI MEpexi 3aJeKHOCTEH, Jie pIleHHs IOA0 MacIITa0yBaHHS,
PO3MIIIEHHS Ta EMHOCTI OHOTO cepBicy Oe3mocepeHbO BIDIMBAIOTH HA MPOAYKTHBHICTD 1 CIIOXHMBAHHS PeCypciB iHIMUMH. Y miit
CTATTi TPEACTABIEHO KOMIUIEKCHHH OIJI airOpUTMIB Ta MiAXOAiB Teopil rpadiB, 3aCTOCOBHHX 1O ONTHMI3alil pecypciB 3
ypaxyBaHHIM 3aJIS)KHOCTEH y MiKpocepBicHUX cuctemax. CucTeMy MiKpocepBiciB (hopMalTi3oBaHO SIK 3BayKEHHH Opi€HTOBaHUIT Ipad,
y SIKOMY BEpIIMHHU BiANOBINAIOTH cepBicaM Ta iHPPACTPYKTYPHUM KOMIIOHEHTaM, pebpa — BUKIMKaM CEpBiICIB i ITOTOKaM JaHHUX, a
Bard BiJIIOBiJTAIOTh METPHKAM: YacCTOTI 3alUTiB, JIATEHTHOCT1, YacTOTi IIOBTOPHUX CHpOO Ta BHTpaTaM Ha Mepexy. CHcTeMaTHdHO
MIPOAHATI30BaHO ONMHAAILTE KaTeropiii rpa)0BUX aIrOPUTMIB - BKIIOYHO 3 TONOJIOTIYHMM COPTYBAHHSM, METOJIOM KPHUTHYHOTO
[ULIXY, MEPEXEBUM IIOTOKOM, aJTOPUTMAaMH HAWKOpOTHIOro NUIAXYy, MeTpukamu IeHTpainbHocTi (betweenness, PageRank),
BusiBeHHsIM criiibHOT (Louvain), cexmionyBanHsM rpadiB (6i6mioreka METIS), MiHIManbHUMH KICTSKOBUMH JI€pEBaMH,
po3dapOyBanHsM rpadiB, IUIaHyBaHHSIM y HalpaBiICHHX alMKIIYHUX Tpadax (rereporeHHHi HalKpaumuii yac 3aKkiHYCHHsS) Ta
BHSIBJICHHSIM CHJIBHO 3B'SI3HHX KOMITOHEHT — 3 OIIIHKOIO YaCOBOI Ta IMPOCTOPOBOI CKIIQJHOCTI, MacITa0OBaHOCTI 1 3aCTOCOBHOCTI JIO
3a7a4 ONTHMI3alii pecypciB MikpocepBiciB. [IpeacTaBieHo Mosenh pO3MOBCIOMKEHHS HaBaHTa)XEHHSI HA OCHOBI OOCpHEHHST MaTpHIIi
CYMIDDKHOCTI 3 0OTOBOpPEHHSIM YMOB 30DKHOCTI UL IMKITIYHUX TpadiB 3anexHocTed. KpiM TOro, po3risiHyTo cydacHi Miaxomd Ha
OCHOBI rpa)oBHX HEHPOHHUX MEpeX y TMO€HAHHI 3 HABUYAHHAM 3 MiJKPIIUICHHSAM TS aJalTHBHOIO aBTOMACIITa0yBaHHS, 30KpeMa
cucteMu ['padoBi Mepexi 3 ypaxyBaHHSIM MEXaHI3My YBarW Ta 3JIMTTS JaHUX, TEXHIKAa OI[IHKMA Ta aHAIi3y HPOEKTY - Trpadosa
HelipoHHa Mepeka, DeepScaler Ta HGraphScale, ski JeMOHCTPYIOTH TOKpamIeHHS: OO JBAaJUATH MPOIEHTIB EKOHOMIT
obuncioBanbHEX noTyxHOCTeH (I'padoBi Mepeki 3 ypaXyBaHHSIM MeEXaHi3My yBard Ta 3JIUTTS JAHHX), JO COpPOKa BiJICOTKIB
3MEHIICHHsS TopylIeHb rapaHTii piBHs cepBicy (DeepScaler) Ta 10 BocbMuzmecsTi BiJCOTKIB 3MEHIIEHHS dYacy BiJIIOBifi
(HGraphScale) mopiBHsSHO 3 TpamumiiiHUMu Tigxomamu. [OpiBHSIBHHUN aHANI3 BUSBISE, MO TMOEAHAHHS KIACHYHHX TpadOoBUX
ITOPUTMIB ISl CTPYKTYPHOTO aHallizy 3 METOJlaMH Ha OCHOBI rpadOBHX HEHPOHHHUX MepeX Ui JWHAMIYHOl ajamrarii €
HaWMEePCIeKTUBHIIINM HAaIPSIMKOM 11 BUPOOHMYOI ONTHMI3aLlii pecypciB 3 ypaxyBaHHSM 3aJI€XKHOCTEH.
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