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Abstract Experiments

Migrating monplithic systems to microservices is a challenging Application| No of Classes | No of Methods
task due to tightly coupled components and unclear service DayTrader 118 5577
boundaries. Existing decomposition approaches often rely on ei- Plants 40 1109
ther structural dependencies or semantic representations, lim- AcmeAir 86 1629
iting their ability to capture the full system context. This work
proposes an automated framework that integrates structural and
semantic signals using a graph-based learning approach. The sys-

tem models the monolith as a heterogeneous graph and employs —r—
an edge-aware graph autoencoder to learn meaningful embed- s - Dl
dings of program entities. Triplet loss is incorporated to preserve
semantic similarity, while K-Means clustering is used to identify
microservice boundaries. The framework is evaluated on bench- |
mark datasets using standard metrics such as Structural Modu- Emd
larity (SM), Inter-Service Coupling (ICP), Normalized Entity Distri- 01 02 03 o4 05 0o 07 08 09 0 o0 us 10 s 20 a5 2%
bution (NED)’ and Interface Number (“:N) Results demonstrate Figure 2. Left: Effect of & on decomposition (evaluated at 100 epochs).
improved decomposition quality and more balanced service par- Right: Effect of training epochs on decomposition (o = 0.7).

fittons compared to existing approaches.

Table 1. Size statistics of benchmark applications

Effect of Alpha on Overall Performance Effect of Training Epochs on Performance

Composite Score
Composite Score

Results

Project Objectives

Metrics: SM (cohesion vs coupling), ICP (inter-service calls), IFN (in-

. Understand & Analyze: Analyze existing microservice decompo- [l terfaces exposed), NED (size balance)

sition approaches. Goal: Maximize cohesion while minimizing inter-service dependen-

= Apply: Evaluate decomposition quality using benchmark datasets |l cies and imbalanced cluster sizes.
and established metrics (SM, ICP, NED, IFN).

= Create: Design and develop a hybrid decomposition framework

that integrates structural, semantic, and domain knowledge sig-
nals. - Based on Sellami and Saied [5]; Weighted z-score normalization.

- Optimize & Justify: Optimize clustering and decomposition il = SM is the dominant factor; thus weights, W = 3,1,1,1
strategies, and justify improvements through comparative anal-
vsis against baseline methods Zwm (xm}t;_ﬂm)
' Score(T') = S 7‘”
wm

Dataset | Method SM 1 IFN | ICP | NED | Composite 1
CHGNN 0.13 5.70 0.55 0.50 -0.3043

Existing approaches to monolith-to-microservices decomposition DayTrader | MonoEmbed | 0.13 1.35 0.59 0.66 0.4665
OurTool 0.14 5.10 0.48 0.62 0.7708

can be broadly categorized into structural, semantic, and hybrid CHGNN 0.17 3.60 0.51 0.20 0.5188
Plants MonoEmbed 0.11 1.55 0.26 0.82 -0.4449

methods [1]. OurTool 0.15 4.31 0.58 0.21 -0.0738
CHGNN 0.11 2.50 0.37 0.00 0.2782
Approach Method Structural Limitations AcmeAir | MonoEmbed 0.01 3.06 0.47 0.56 -1.1066
CHGNN [2] Graph Neural Network v Does not capture code level se- OurTool 0.23 2.36 0.28 0.71 0.8284
mantic meaning
CoGCN [3] Graph Neural Network v Relies primarily on structural Table 2. Comparison of decomposition quality across datasets
dependencies without seman-
tic understanding

Mono2Micro [4] Dynamic Analysis + Clustering v Requires runtime traces and
manual use-case definitions pagecode.P&yeCodeBase
MonoEmbed [5] | Contrastive Learning v Lacks structural awareness

Composite Score:

= Derive a single value across all metrics for each tool.

Related Work

Gap: Existing approaches fail to effectively integrate structural, se-
mantic, and domain knowledge in a unified framework.

Methodology

The proposed approach models the monolithic system as a hetero-

geneous graph by representing program and resource entities as

nodes, and CALLS and CRUD relations as typed edges. These fea-

tures are projected into a shared latent space, where an edge-aware

graph autoencoder learns embeddings that capture structural and o
semantic relationships. Triplet loss guides the embeddings to pre- eib-SupiflersBean

. . . . . . . suppfier-res

serve service-level similarity, and K-Means clustering is applied to

generate candidate microservices. Fmaly, I’GSU|UH§ decomposmon Figure 3. Microservice decomposition of the Plants application produced by the proposed
1S evaluated using microservice qua“ty metrics. approach. Nodes represent program entities, while colors indicate extracted microservices.
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Figure 1. Microservice Decomposition Pipeline
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a. reconstruction-semantic balance, n: current epoch, N: total epochs, 5: triplet margin.
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