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Shifts & Wilson lines ,
Esg Eg
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Vi |(5/12,—1/4, —1/4,—1/4,~1/4,—1/4,~1/12,-1/12)| | (~1/2,1/2, ~1/2,1/3,1/3,1/3,1/3,~1/6)

W4 (1/21_1/21_1/21_1/61_1/61_1/611/2:1/2) (1/2a_1/29 1/27_1/21_1/61_1/61_1/671/2)
W (0,-1/2,0,—1,-1,1/2, -1, 1) (-1,-1/2,-1,-1,-1,-1,-1,1/2)
We (—1/2,-1/2,1/2,-1/2,-1/2,-1,-1/2,0) (-1/2,-1,-1,-1,-1,-1,1,-1/2)




ORBIFOLDER SOFTWARE
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* Number of elements Wg, :  6,967296 - 10°
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* Number of elements Wg, :  6,967296 - 10°
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* Fundamental domain of W

> Brute-force is not feasible |
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* Compute surviving roots 1/ - )\;O mod 1 A € O(Eyg)

Vi (5/127_1/41_1/47_1/41_1/47_1/47_1/127_1/12) (_1/271/27_1/27 1/371/311/371/37_1/6)

W4 I (1/29_1/21_1/29_1/61_1/6:_1/6:1/29 1/2) (1/21_1/211/2:_1/29_1/6:_1/6?_1/671/2)
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W (=1/2,-1/2,1/2/-1/2,-1/2,~1,-1/2,0) (-1/2,-1,-1,-1,-1,-1,1,-1/2)
6G 36 [ SO(12)  SU(5) x SU(3)
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\ 112 112 \  SO(16) SO(16)
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* Compute surviving roots 1/ - )\;O mod 1 A€ O(FEg)

v/ Invariant under addition of lattice vectors

& Weyl reflections
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* Compute surviving roots 1/ - )\;O mod 1 A€ O(FEg)

v/ Invariant under addition of lattice vectors

& Weyl reflections
X Loss of information & data points: 64 -> 8

[ 60 36
126 84
128 128
\ 112 112 /
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1. Unsupervised learning:
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PERFORMANCE ON HETEROTIC CGREBIFOLD

Let’s draw a map of the string landscape ...
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KNOWLEDGE EXTRACTION

What have we

8x2U+2UxU+Yx2=296 learned 212
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DECISION TREE - EXAMPLE
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DECISION TREE - EXAMPLE
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v’ Highly non-linear
v/ Very easy to understand

X Only splits orthogonal to the axes
X Weak predictive power
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* Classification report:

precision recall {fl-score
patch 1.00 1.00 1.00
others 1.00 1.00 1.00
total 1.00 1.00 1.00
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1. Random search

2. Identify fertile patches
3. Find constraints for the Orbifolder




THANK YOU FOR YOUR ATTENTIGN

Questions 217
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