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Graph Node Importance Estimation Tasks :
A Review of Models and Analyzing Importance of Topology
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ABSTRACT

The importance of nodes in graph data is utilized across various fields. It is used for selecting products for
user recommendations in OTT (Over-The-Top) platforms and e-commerce services, determining priority in
query searches within knowledge graphs, and prioritizing the allocation of limited network resources. This
paper summarizes and compares node importance estimation models, considering the training method and the

scope of data used, including input importance, edge types, and node centrality. The models covered in this
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paper are limited to supervised learning methods. So, for situations where labels are unavailable or sparse, we
conduct inductive learning with finetuning to use the models. Additionally, as the node feature vectors are
defined differently between source and target data, we also train and test the models without node feature
vectors to investigate their impact. The results show that overall performance degradation was generally not
significant. This highlights the importance of graph topology in node importance estimation, suggesting that
high-quality node importance can be obtained through inductive learning even in situations where labels are
unavailable or sparse. The insights from this research can greatly contribute to studies that require node

importance estimation in various fields.
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Table 1. Difference between Node Importance Estimation Models
Data Uneg——0del} pRi7 ppRI | APPNPIZ RGCN'™  CompGON'™ | GAT!  GENI™' | RGTN'™
Importance v v v v
Relation v v v v
Centrality v v N N
Method
Non-Trainable v v
Convolution v v v
Attention v v
Transformer v
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(PageRank)'& #g-o& wldsle] ghow Haj=
GENI (GNN for Estimating Node Importance), RGTN
(Relational Graph Transformer Network)!'” 5 GNN
Ak w5 7Pt makge] AlqkElo] glck
23 MEA Bk gl 2Lt Bk
H oA v 8% oS Rl B
R R R R
ollA #13s= A=A <5 (Transductive Learning)->-
2 Dt—ﬂo] UL_Qq

S AR s FRw o2 2jgle ehile] gl

-m
N
o i

F 2. AA = dlole A3 2oF
Table 2. A summary of the knowledge graph datasets
Dataset # Nodes # Edges # Relations Input Score Type # Node with Scores
FB15k[2] 14,951 592,213 1,345 # Pageviews 14,105 (94%)
TMDBJ3] 114,805 761,648 34 Movie popularity 4,803  (4%)
IMDBJ4] 1,124,995 9,729,868 30 # Votes for movies 202,538 (18%)
CISCO[5] (Avg.) 30,295 914,686 2 # of packets 30,295.05 (100%)
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Table 3. Experimental transductive results of different models and methods over the three datasets

FB15k[2] TMDBJ[3] IMDB[4]
Method NDCG OVER NDCG OVER NDCG OVER
@100 SPM @100 @100 SPM @100 @100 SPM @100
PR[9] 0.1109 0.3169 0.0800 0.2207 0.3417 0.1900 0.1540 0.5198 0.1000
PPR[9] 0.1135 03171 0.0800 0.2178 0.3406 0.1900 0.0175 0.3196 0.0100
APPNP[12] 0.8171 0.2669 0.1420 0.8052 0.5712 0.3450 0.7434 0.2140 0.2780
+0.0171 | +0.0196 | +0.0204 | +0.0364 | +0.0805 | +0.0554 | +0.0742 | +0.0354 | +0.0449
APPNP[12]* 0.8192 0.3225 0.1440 0.8402 0.6391 0.4120 0.9101 0.3703 0.4200
+0.0160 | +0.0160 | +0.0233 | +0.0089 | +0.0130 | +0.0598 | +0.0219 | +0.0044 | +0.0210
RGCN[13] 0.7806 0.2285 0.0420 0.4419 | -0.1049 | 0.0920 0.2198 | -0.1148 | 0.0000
+0.0478 | +0.2583 | +0.0643 | +0.2078 | +0.3981 | +0.1450 | +0.0165 | +0.1087 | +0.0000
RGCN[13]* 0.7804 0.2276 0.0400 0.4419 | -0.1049 | 0.0920 02200 | -0.1126 | 0.0000
+0.0475 | +0.2566 | +0.0603 | +0.2078 | +0.3980 | +0.1450 | +0.0165 | +0.1123 | +0.0000
0.7638 0.3349 0.3080 0.6283 0.5295 0.2355 0.4738 0.5140 0.1708
CompGCN[14]
+0.0392 | +0.0178 | +0.0747 | +0.0311 | +0.1310 | +0.0333 | +0.0592 | +0.1210 | +0.0581
0.7588 03117 0.2604 0.5818 0.4712 0.2528 0.4615 0.5028 0.1486
CompGCN[14]*
+0.0193 | +0.0264 | +0.0102 | +0.0311 | +0.1351 | +0.0214 | +0.0603 | +0.0595 | +0.0489
GAT[15] 0.8892 0.6322 0.2260 0.5254 | -0.0181 | 0.1500 0.3660 0.0280 0.0460
+0.0100 | +0.0207 | +0.0492 | +0.2426 | +0.4316 | +0.1741 | +0.1992 | +0.2325 | +0.0920
GATI15]* 0.7684 0.0494 0.0660 0.6063 0.1109 0.1820 0.9117 0.3969 0.4300
+0.0433 | +0.0515 | +0.0388 | +0.2125 | +0.3321 | +0.1003 | +0.0210 | +0.0416 | +0.0219
GENI[T] 0.8890 0.6472 0.3000 0.9091 0.7781 0.5420 0.9526 0.6981 0.4960
+0.0111 | £0.0140 | +0.0583 | +0.0101 | 0.0180 | +0.0248 | 0.0249 | +0.0078 | £0.0326
GENI[T* 0.8125 0.3219 0.1680 0.8503 0.6863 0.4180 0.9160 0.4353 0.4340
+0.0160 | +0.0162 | +0.0264 | +0.0088 | +0.0123 | +0.0571 | +0.0219 | +0.0175 | +0.0233
RGINLLO] 0.9267 0.7606 0.2850 0.9064 0.7828 0.5450 0.9602 0.7087 0.5400
£0.0020 | £0.0100 | +0.0050 | +0.0187 | +0.0140 | 0.0350 | +0.0006 | +0.0096 | +0.0141
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6) X X X
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Table 5. The results of inductive learning on GENI[7] and differences from transductive learning
Dataset NDCG @100 . SPEARMAN .
Diff.” (%) Diff." (%)
Source Target Transductive Inductive Transductive Inductive
TMDBI3] 0.9091 0.7373 18.90 0.7781 0.5112 34.30
FB15k[2]
IMDBJ4] 0.9526 0.7963 16.41 0.4960 0.3167 36.15
FB15k[2] 0.8890 0.8160 8.21 0.6472 0.3176 50.93
TMDB[3]
IMDBI4] 0.9526 0.9199 3.43 0.4960 0.4731 4.62
FB15k[2] 0.8890 0.7747 12.86 0.6472 0.2427 62.50
IMDBI[4]
TMDBJ3] 0.9001 0.7937 11.82 0.7781 0.5436 30.14

! Difference: (Transductive - Inductive) / Transductive
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Table 6. The topological and semantic similarity between
datasets
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Table 7. The number of nodes in each dataset by each %

Tys FBISKZ] | TMDBEG] | IMDB] 3::3 FB15k[2] | TMDB[3] | IMDB[4] | CISCO[5]
FB15k[2] 1 0.3265 0.0643 5% 747 5,740 56,249 1,515
TMDB[3] 0.8668 1 0.2976 10% | 1,495 11,480 | 112,499 3,030
IMDBI[4] 0.9694 0.7227 1 20% 2,990 22,961 224,999 6,059
CISCOLS] 0.7809 0.6872 0.7562 40% | 5980 45922 | 449,998 | 12,118
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Fig. 3. The results of inductive learning on GENI[7]
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Table 8. The results of inductive learning without node
feature of target dataset

Dataset

NDCG@100 SPEARMAN

Target Source

TMDBJ[3] | 0.8125+0.0001 | 0.3219+0.0004
IMDBJ4] | 0.8125+0.0001 | 0.3218+0.0004

FB15k[2]

FB15k[2] | 0.8505+0.0002 | 0.6858+0.0007
IMDBJ4] | 0.8504+0.0002 | 0.6856+0.0008

TMDB[3]

FBI15k[2] | 0.9157+0.0002 | 0.4363+0.0027
TMDBJ[3] | 0.9159+0.0002 | 0.4343+0.0032

IMDBJ4]

FB15k[2] || 0.7381£0.0056 | 0.3616+0.0142
CISCO[5] | TMDBJ[3]| 0.7164+0.0143 | 0.3585+0.0146
IMDBJ[4] | 0.7456+0.0021 | 0.3730+0.0086
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