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Abstract- Graph representation learning, a cornerstone technique in network analysis, plays a pivotal role in
transforming complex graph structures into numerical vectors for use in machine learning algorithms. Despite
recent advancements, challenges such as scalability in large graphs, maintaining accuracy in heterogeneous
graphs, and reliance on labeled data continue to pose significant limitations. This study introduces an innovative
framework named GEMF, which addresses these challenges by integrating adaptive sampling, self-supervised
learning, attention-based message passing, and Bayesian optimization. GEMF enhances computational efficiency
by dynamically adjusting the number of random walks based on node importance and leverages self-supervised
learning to generate accurate representations under data-scarce conditions. The attention mechanism effectively
models complex graph relationships, while Bayesian optimization automates parameter tuning. Experiments on
standard datasets demonstrate GEMF’s superior performance compared to state-of-the-art methods such as
GCNII, APPNP, GAT, GCN, and GraphSAGE in tasks including node classification, edge prediction, and
scalability, particularly in heterogeneous graphs, while significantly reducing computational time.

Keywords- Graph embedding, Adaptive sampling, Self-supervised learning, Attention-based message passing,
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Input: Graph G(V, E, X), initial parameters 0, walk
steps t, base value y_base
Output: Node embeddings Z

1. W « AdaptiveSampling(G, t, y_base)

Z_init « SelfSupervisedLearning(W)

Z «— AttentionBasedMessaging(G, X, Z_init)
0 _opt < BayesianOptimization(0, Z)

return Z

ARl

ok (510 paiged ¥ oiy 595

Input: Graph G(V, E), walk steps t, base value y_base
Output: Walk sequences W

S « ComputePageRank(G)
W0
foreach vinV do
n_v <« vy _base x S(v)
forifrom1lton_vdo
W — [v]
U—v
for j from 1 to tdo
u < SampleNeighbor(G, u)
w—wuU {u}
W —WuU {w}
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Input: Initial parameters 0, embeddings Z
Output: Optimized parameters 6 _opt

Define objective function f(0)
Initialize Gaussian Process GP
for i from 1 to n_iter do
0_i < SampleNextPoint(GP)
Update GP with (6 i, y_i)
0 opt < argmax 0 GP(0)
return 6_opt
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Input: Walk sequences W
Output: Initial embeddings Z_init

1. Z init « InitializeEmbeddings(|V|, d)

2. foreach win W do

3. for each pair (u, v) in w do

4 loss « CosineSimilarity(Z_init(u),
Z_init(v))

5. Update Z_init using loss

6. return Z_init
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Input: Graph G(V, E, X), initial embeddings Z_init
Output: Final embeddings Z
Z «— Z init
for each layer | from 1 to L do
foreach vinV do
A v « ComputeAttentionWeights(G, Z, v)
Z(v) 2 _{ue NV} A_v(u) x Z(u)
Z(v) « Linear(BatchNorm(Z'(v)))
return Z
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