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Table 4.1: Accuracy of curvature sign estimation.

Dataset # of nodes DNML AIC BIC
E-8 400 0.08 0.00 0.00
800 0.67 0.75 0.00

1600 1.00 1.00 0.67

3200 1.00 1.00 1.00

H-8 400 1.00 1.00 1.00
800 0.92 1.00 1.00

1600 0.83 1.00 1.00

3200 1.00 1.00 1.00

S-8 400 1.00 0.33 0.33
800 1.00 0.67 0.33

1600 1.00 0.58 0.67

3200 1.00 1.00 0.67

Table 4.4: Average Maps of each criterion (Average estimated dimensionalities

7'J‘JI~°"'°FEEI ﬂl%""’lasﬁ * BXHE.

in parentheses).

Dataset # of nodes DNML AIC BIC
* EFTEHR) - SHERIN. E-8 400 1.000(3.0) 0.625(14.0) 0.625(5.0)
. iEH &) AAHFEZEZHRIELTRA R —K. 800 0.750(12.0)  0.556(14.7 0.833(6.7)
. R 1600 0.871(9.3) 0.583(14.7) 0.486(3.7)
e  ZEELHER FEDER. 3200  1.000(8.0) 1.000(8.0) 0.670(4.0)
H-8 400 0.333(2.0) 0.333(3.2) 0.333(2.0)
800 0.333(3.5)  0.513(4.3)  0.333(2.0)
ey 1600 0.431(4.0)  0.958(8.7)  0.333(2.0)
=ESeN 3200 0.833(6.7) 0.375(17.3) 0.333(3.8)
| S S-8 400 0.304(15.5) 0.333(3.5) 0.333(2.0)
| st 800 0.424(13.3) 0.444(3.83) 0.333(2.0)
T NG 1600 0.544(14.3)  0.625(5.3)  0.333(2.5)
o X 3200 0.708(16.7) 0.736(7.3) 0.333(3.3)
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Table 4.6: Selected dimensionality and curvature of each method.

REFIE

Network DNML AIC BIC
* e < AstroPh HY% 05 Hpes HEpo
N I X —_ HepPh E6  HM4, HE,
o BIEEIMETILEKTE [D]. BT
. WN-mammal H*,,, H?,,, H3,
Wrapped Normal Distribution[6, 7]z FL\5. oty mY T T

. BORD D BHERADHLE.

Table 4.7: Average conciseness of each method.

T E TREER PREEICEOTTIVOAR Network emax DNML AIC  BIC

(BEXH) (BRI ZR) AstroPh 0.0 0.484 0.467 0.362

0.10 0.532 0.484 0.540

HepPh 0.05 0.496 0.398 0.351

} 0.10 0.518 0.436 0.544

Airport 0.05 0.390 0.405 0.000

0.10 0.549 0.550 0.425

WN-mammal 0.05 0.000 0.000 0.000

. . . 0.10 0.416 0.38 0.341
* Minimum Description Length (MDL) Wi-solid 005 0398 0.549 0.080
0.10 0.637 0.676 0.521

7 I:I: [8]?&% L\é
METHIETILEIREEDI1D. EZoNT=T

HUESFHSIETHETILERERET S
o —EE[9, 10]-PACEE TOERWME [ L.

 Decomposed Normalized Maximum
Likelihood (DNML)#F & £ [12].
+ BEZEHETIILCHEICHSRZAETRELGTF
Lamo(y|z) + Lamo(2),

—log p(y|z; B(y, z) )+10g2p |z; B(7, ),

—Y% REFEFTIVFADAUCE
tRH D DIERITZEE IR (conciseness).

HEDRAE
o RTEHEDRIFLERFERFEE

o FATHATRDDIEE [14].

s BEZHETILELUDNMLOFIA.

. BEZEHETILERALALLIES, Non-identifiability
Problem(Z&Y % rvﬁﬁd)ﬁ#*ﬁn'fﬁh\?li.%k*%ﬁ.

— iy —
‘ -~ > — (= - — — \\
log p(=;6(2)) +log [ p(%;6(2))dz1., e ANLT . 557- TDOTEEE
E ~ S g E [4] P. T. Hung and K. Yamanishi, “Word2vec skip-gram dime nality selectio sequential normalized maximum likelihood,” Entropy,
l \ . O Ll vol. 23, no. 8, p. 997, 2021.
x * L [5] Skopek, Ondrej, Octavian-Eugen Ganea, and Gary Bécigneul. "Mixed-curvature variational autoencoders." 8th International Conference on Learning Represen

Conference on Learning Representations, 2020.

Loz (y, z) =

Lam(y|z) =

LnmL(z) == —

tations (ICLR 2020)(virtual). International

[6] Nagano, Yoshihiro, et al. "A wrapped normal distribution on
[7] Skopek, Ondrej, Octavia

world wide web, 2015, pp. [8] Rissanen, Jorma. "Modeling by shortest data description." Automatica 14.5 (1978): 465-471.

hyperbolic space for gradient-based learning." International Conference on Machine Learning. PMLR, 2019.

EfgX[5)h 551 A. ders." International Conference on Learning Represen

-E G
[1]J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan n-eugen manea

, and Gary Bécigneul. "Mixed-curvature Variational Autoenco tations. 2019.

, and Q. Mei, “Line: Large-scale information network embedding,” in Proceedings of the 24" international conference on

1067-1077. [9] Rissanen, Jorma. Optimal estimation of parameters. Cambridge University Press, 2012
[2] A. Grover and J. Leskovec, “node2vec: Scalable feature learning for networks,” in Proceedings of the 22nd ACM SIGKDD international conference on Knowledge discovery and data mining, 2016, .’ . ey ; . P » o & inci Y .’ :
op. 855 [10] Yama h K nji. Lea gwth th Minimum Description Length Principle. Sp nger Nature, 2023.

[11] K. Yamanishi, AI ing criterion for stochastic rules,” Machine Learning, vol. 9 0. 2-3, pp. 165203, 1992.

[12]KYm hTW SSgw dMOkd Thd compos d ormaliz dm imum likelihood code-length criterion for
Knowledge D very, vol. 33 0.4, pp 1017—1058 2019

[13] J. Leskovec and R. Sos S ap: A general-purpose network analysis and graph-mining library,” ACM Tra
[14]1P. Almagro, M. Boguna, and M. Serrano, “Detecting the ultra low dimensionality of real networks,”

864.
[3]1Z. Yin and Y. Shen, “On the dimension
Processing Systems, 2018, pp. 895-906.

r selecting hierarchical latent variable models,” Data Mining and

ality of word embedding,” in Proceedings of the 32nd International Conference on Neural Information

n Intelligent Systems and Technology (TIST), vol. 8, no
arXiv preprint arXiv:21 10.14507, 2021.

.1,p.1,2016.



