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[ Abstract] In recent years, network embedding technoelogy<has attracted considerable attention from researchers.
However, most network embedding algorithms have not/adequately addressed the structural similarity among nodes
within the same hierarchical level, even though these nodes typically share similar importance within the network.
Therefore, this paper proposes a network ‘embedding algorithm based on the hierarchical structure of a network,
called KCNE. The KCNE algorithm dtilizes hierarchical structural information among network nodes to preserve
the structural similarity between diedes. Specifically, the algorithm initially employs the k-core decomposition
method to categorize the nodeswin the network into different levels. Subsequently, a customized random walk
method is employed to generate a random walk sequence for each node. This sequence effectively captures the first-
order neighborhood of nodes and) high-order similar nodes within the same level. The generated random walk
sequences are then input inte a Skip-gram model to ensure that the learned node representations possess enhanced
discriminative capabilities. Finally, experimental results on multiple real datasets demonstrate that, in link
prediction and node classification tasks, the KCNE algorithm outperforms the second-best algorithm among eight
benchmark algorithms by approximately 4% and 5%, respectively. Sensitivity analysis experiments further
confirm the superior robustness of the KCNE algorithm. Additionally, the algorithm exhibits superior efficiency
compared to the Role2Vec, RARE, and GEMSEC algorithms.
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3. while (i<<K) do:

4. S=shuffle(V)
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7. walks. append(walk)

8. end for

9. it+=1

10. end while
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12. return {
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Table 1 Detailed statistical information of the real datasets
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Table 2. AUC values of different algorithms on various datasets
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Table 3 Node classification accuracy on the europe dataset (Micro-F1)

10 %3114 20 % Y124 30 %114k 40 %45

507Uk 60U 70Nk 80% Lk 90204k

ik L fi) ER | Lt 45l Lt 4] EA]| Lt £ L £ L1 ER]|
DeepWalk 0. 330 3 0.348 1 0.350 0 0. 357 6 0.3659 0.373 7 0.390 1 0. 104 9 0.407 5
node2vec 0.330 3 0. 346 5 0.344 0 0.353 5 0. 368 2 0.378 0 0.371 5 02372 5 0.343 5
NodeSketch 0.324 4 0. 348 4 0.371 0 0.379 1 0.392 4 0.398 7 0. 3933 0.428 7 0.422 5
SEMSEC 0.3111 0. 349 6 0.371 4 0. 368 3 0. 368 0 0.374 3 0.389 1 0. 405 0 0. 407 5
NRIL_RWCE 0. 2875 0.297 3 0.309 8 0.316 0 0.317 7 0. 32873 0. 3295 0.343 5 0. 336 5
Role2Vec 0.2750 0. 290 5 0.3017 0. 306 8 0. 310 3 0.312 7 0.7320 3 0.320 5 0.3217
CARE 0.302 4 0.319 1 0. 337 6 0.344 3 0.358 9 0. 367 2 0.372 9 0.382 2 0.400 9
RARE 0.3850 0.412 8 0.429 5 0.445 0 0.454 5 0.457 6 0. 464 3 0. 466 3 0.475 0
KCNE 0.419 8 0.4517 0. 464 4 0.472 3 0.475 5 0,483 0 0.4915 0.501 7 0.5230

F 4 europe HIFER T /5T ERAEE (Macro-F1)
Table 4 Node classification accuracy on the europe dataset (Macro-F1)
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ik Lt 41 L 41 L fil Hadsil LAl L 41 L 41 LBl LAl
DeepWalk 0.328 2 0.347 7 0.349 8 0.358 2 0. 366 4 0.372 2 0.387 8 0.398 9 0.397 8
node2vec 0.328 5 0.346 3 0. 3441 0.3531 0. 367 6 0.377 2 0.371 9 0.370 1 0.337 8
NodeSketch 0.320 9 0. 346 4 07 36810 0.376 7 0.388 7 0.397 3 0. 389 6 0.419 3 0.416 2
GEMSEC 0.290 0 0.336 0 0. 394 9 0.351 4 0.350 4 0.354 7 0.364 7 0.377 9 0.373 7
NRL_RWCE  0.2401 0. 2650 0. 286 1 0. 295 6 0.298 4 0.310 0 0.309 9 0.3212 0. 306 2
Role2Vec 0. 250 5 0.283 1 0.298 2 0.304 4 0. 308 1 0.310 3 0.317 1 0.315 4 0.312 0
CARE 0. 289 4 0. 315 0 0.336 1 0.343 7 0.359 0 0.367 5 0.372 6 0.381 3 0.394 8
RARE 0.343 1 0. 3909 0.414 0 0.430 7 0.442 0 0.444 6 0.450 5 0.452 2 0.454 2
KCNE 0.388 7 0.4252 0.438 6 0.447 6 0.4515 0.459 5 0.464 8 0.474 3 0.488 8

F5  usa BUREMT R LEHEE (Micro-F1)
Table 5 Node classification accuracy on the usa dataset (Micro-F1)

s 10 %6 Y1125 20 %094 3076 Yl 40 % YN 50 % Y& 602012 70 %% 8026 YNl 90 %6 YNl

i Lt 41 L 41 L il L Bl LBl L 41 L 41 LBl LBl
DeepWalk 0.414 4 0.422 1 0.439 2 0. 457 3 0.481 7 0. 502 4 0.511 2 0.5231 0.536 6
node2vec 0.418 3 0.425 5 0. 444 6 0.478 0 0. 4950 0.515 4 0.527 0 0.533 6 0.542 3
NodeSketch 0.364 1 0.402 7 0.420 3 0.422 4 0.424 9 0.429 6 0.439 6 0.441 5 0.453 7
GEMSEC 0.473 6 0. 487 4 0. 486 2 0.493 2 0. 496 9 0. 500 8 0.504 7 0.5151 0.523 5
NRL_RWCE  0.5555 0.583 1 0.596 4 0.604 8 0.609 1 0.614 2 0.614 8 0.614 2 0.610 7
Role2Vec 0. 360 9 0.374 9 0. 376 2 0. 386 8 0.398 4 0.397 0 0.410 0 0.414 7 0.415 9
CARE 0. 387 9 0. 398 6 0.409 8 0.429 1 0.443 3 0.457 6 0. 468 6 0.471 5 0. 468 9
RARE 0.5943 0. 609 8 0.617 3 0.6219 0.623 2 0.624 0 0.625 8 0.628 7 0. 630 0
KCNE 0.589 5 0.610 0 0. 620 6 0.627 8 0.633 2 0.639 6 0.643 6 0.646 8 0.645 4
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F 6 usa HIBEMT S5 EKHEE (Macro-F1)

Table 6 Node classification accuracy on the usa dataset (Macro-F1)

10 %311 24 20 %45 30 %1%k 40 %%k

50 % Y1125 60 % Yl 24 70 %% 80 % Il %k 90 % Il %k

ik Lt fi) L ) LA Lt 4] Lt 4] L ) ER | Lt 451l Lt 4]
DeepWalk 0.4119 0.421 3 0.439 2 0. 456 4 0.480 0 0.499 9 0. 508 4 0.519 0 0.530 3
node2vec 0.416 8 0.424 3 0.443 8 0.476 5 0.492 9 0.513 1 0.525 6 0.531 5 0.539 8

NodeSketch 0. 357 2 0.3950 0.410 6 0.413 8 0.415 9 0.420 1 0.430 1 0.434 9 0. 443 6
GEMSEC 0. 459 4 0.472 1 0.471 0 0.476 2 0.479 5 0.483 8 0. 487 0 0. 497 6 0.504 9
NRL_RWCE  0.5312 0.558 3 0.572 2 0. 580 4 0.584 6 0.589 5 0.589 9 0. 589 4 0. 586 9
Role2Vec 0.353 2 0.371 4 0.372 7 0.383 9 0. 396 3 0.394 1 0. 406 5 0.410 6 0.410 5
CARE 0. 386 1 0.399 3 0.409 9 0.428 9 0.442 0 0.455 7 0. 466 9 0. 468 6 0.463 1
RARE 0.573 2 0.594 9 0. 605 4 0.6110 0.612 7 0.613 6 0.6151 0,616 9 0.617 7
KCNE 0.572 0 0.597 4 0.609 8 0.617 7 0.623 5 0.629 9 0.634 4 0.637.3 0.634 8
&7 email-eu-core I E M T S 9 X E (Micro-F1)
Table 7 Node classification accuracy on the email-eu-core dataset (Micro-FL,)

. 10 %614 20 %45 30 %0914k 40 %6 Y145 50 %1%k 60 %4 Il 70 %l 8026 YNl 90 %61 %

ik L B L £ LA Ea]| e il L1 Eai]| Ea]|
DeepWalk 0.537 3 0.631 6 0. 658 4 0. 680 5 0. 686 4 0.691°6 0.702 7 0.710 7 0.733 5
node2vec 0. 560 2 0.638 8 0. 669 5 0.693 4 0.704 9 0.717°6 0.728 3 0.737 3 0.740 4
NodeSketch 0.1217 0.155 8 0.182 7 0.219 2 0.245 § 0.267°8 0.287 5 0.317 1 0.319 1
GEMSEC 0.592 2 0.626 2 0.645 7 0. 659 4 0. 66671 0. 666 8 0.676 0 0.677 2 0.693 9
NRL_RWCE  0.588 4 0.668 1 0.700 3 0.716 1 0. 726 4 0.736 6 0.739 4 0.746 1 0.749 3
Role2Vec 0.250 7 0.313 3 0.353 1 0.373 9 0:389 0 0.399 2 0. 404 3 0. 408 0 0.416 1
CARE 0.526 4 0. 605 9 0.638 5 0.656 8 0.668 7 0.675 4 0. 681 4 0. 687 2 0. 686 0
RARE 0.510 7 0.623 0 0. 668 2 0.16952 0.713 6 0.724 8 0.734 0 0.744 5 0.754 7
KCNE 0.557 3 0.653 9 0.693 8 0.716'9 0.733 2 0.744 9 0.752 8 0.757 9 0.759 4

*& 8 email-evseore FHEE T =9 EHE B (Macro-F1)
Table 8 Node classification accuracy on the email-eu-core dataset (Macro-F1)

N 10%Y1% 2020904 30%ilgk  40%UI%k S0Xillgk 60%UIZE T0%ilZk 80% gk 904k

ik L £ L £ Lt 451l L 45l L A5l L £ L £ L 45l L Bl
Deepwalk 0.3017 0.392,2 0.431 4 0. 468 5 0.476 5 0.492 1 0.509 4 0.524 3 0.554 6
node2vec 0.308 2 0:,388 0 0.436 8 0.473 7 0.499 8 0.513 5 0.530 2 0.546 4 0.576 2
NodeSketch 0. 060 9 0.081"1 0.104 9 0.1259 0.139 1 0.154 1 0.164 9 0.188 0 0.186 4
GEMSEC 0.343 3 0.384 0 0.413 0 0.428 6 0.442 1 0.450 8 0.462 9 0. 467 3 0.526 6
NRL_RWCE  0.307 6 0.393 3 0. 440 6 0. 467 4 0. 490 5 0.5119 0.532 0 0. 557 2 0.5757
Role2Vec 0.088 0 0.127 5 0.156 1 0.172 2 0.192 2 0. 200 9 0.214 1 0.226 7 0.241 2
CARE 0.282 6 0. 366 2 0.408 8 0. 436 5 0. 460 5 0.475 9 0. 490 6 0. 497 4 0.525 6
RARE 0.263 6 0.3627 0.411 2 0. 449 4 0.474 8 0.494 7 0.518 9 0.545 8 0.582 7
KCNE 0. 306 1 0.4015 0.452 0 0.484 5 0.511 4 0.530 7 0.5521 0.576 0 0.593 1
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Fig.2 Parameter sensitivity analysis of KCNE algorithm on different datasets
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Table 9 Embedding generation time of different algorithms on various datasets PAf s
Bk europe usa polblogs socfb-simmons81 ia-fb-message email-unix

DeepWalk 3.419 9.378 17. 006 13.224 9. 887 7.992
node2vec 6. 441 27.294 32.794 32.698 18. 890 18. 335
Role2Vec 25. 872 68. 964 101. 274 115.799 90. 258 70. 120
GEMSEC 123. 529 337. 747 428. 274 433. 829 361. 987 364. 895
NodeSketch 10. 848 17. 085 28. 797 50. 285 6.923 3.925
CARE 5. 184 13. 942 17. 480 21. 956 14. 923 13.590
NRL_RWCE 1. 098 2.187 4. 210 8. 630 1.008 1. 345
RARE 11. 092 62. 642 83.179 87.718 62. 641 49, 051
KCNE 9. 264 53.703 66. 919 84. 291 60. 770 44, 717
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