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Datasets

Calabi-Yau Data

⇒ 7555 allowed 5-vectors of coprime Z+

that define weighted-P4s which admit a
CY 3-fold hypersurface
...with hypersurface Hodge numbers.
(e.g. {[1, 1, 1, 1, 1], [1, 101]} )
Data provided within the KS database.
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Generated Data

For Analysis & Performance comparison, use 3 generated datasets:
(a) ’Random’, (b) ’Coprime’, (c) ’Transverse’
n.b. transversity requires: ∀wi∃wj s.t. wi |

(∑
(wk)− wj

)
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Analysis: Principal Component Analysis
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(a) Random dataset
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(c) Transverse dataset
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(b) Coprime dataset

0 500 1000 1500 2000
PCA component 1

150

100

50

0

50

100

150

PC
A 

co
m

po
ne

nt
 2

(d) CY dataset
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Analysis: Hodge Clustering

Plotting weights against h1,1

A surprising linear behaviour arises
between the weights and h1,1.
Further surprising is the apparent
separation (alike PCA) into lines
⇒ K-Means Clustering.
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Clustered outputs:
Î/range = 0.00084
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ML: Hodge Numbers

ML Regression Problem

5-vector [wi ] 7−→ {h1,1, h2,1, χ}
Regressor ReLU NN (layers: (32,64,32), MSE loss, Adam, 5-fold cross-validation)

Measure R2 = 1−
∑

(ytrue−ypred )
2∑

(ytrue−ytruemean)2
∈ (−∞, 1]

Measure
Parameter

h1,1 h2,1 χ

R2 0.9630
± 0.0015

0.9450
± 0.0133

0.9510
± 0.0023

Exist known formulas from Vafa, KS, Batyrev, etc, but highly non-trivial.

e.g. χ = 1∑
i (wi )

∑∑
i (wi )−1

l ,r=0

[∏
i |lqi&rqi∈Z

(
1− 1

qi

)]
, for qi = wi/

∑
i (wi )
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ML: Calabi-Yau Property

ML Classification Problem

{[wi ]CY, [wi ]non-CY} 7−→ {CY,non-CY}
Architectures: Logistic Regressor, Support Vector Machine, & Classifier ReLU NN

Architecture
Dataset

Random Coprime Transverse

LR
0.7152

± 0.0035
0.7199

± 0.0037
0.7430

± 0.0065

SVM
0.7253

± 0.0029
0.7116

± 0.0029
0.7464

± 0.0014

NN
0.9189

± 0.0037
0.9178

± 0.0030
0.7575

± 0.0024
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ML: Hodge Partitioning
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Summary

Unsupervised ML

The Calabi-Yau data sorts itself into a clear clustering based on h1,1,
confirmed by K-Means, and corroborated by PCA.

Supervised ML

CY Hodge number formulas can be learnt exceptionally well from P4

weights, despite complicated formulas.
CY weights can be well distinguished from non-CY weights with simple LR
architecture; dependent on the data used for training performance is
optimal at different extremes of h1,1 or h2,1.
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