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Aim of string compactifications: Understand the field theories that can
come from string theory and calculate their properties
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String Theory

The obvious problem: String theory (typically) exists in 10 (11) dimensions
We need initial conditions (i.e. We need to specify a 10D geometry)

Compactifications - at low energies and large distances:
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Different choices of Me, and field profiles of it, lead to different 4D Physics fZé}f

We will make use of supersymmetry - this is not to say we have low energy SUSY

For our purposes, this will mean that Mg is a Calabi-Yau manifold (CY 3-fold)



Calabi-Yau Metrics

» Calabi-Yau Manifold: Kahler Manifold with vanishing first Chern Class

 \WWhat makes Calabi-Yau manifolds special?

e There is a metric that is Ricci Flat and has SU(3) Holonomy

A. ON A FLAT PLANE (Trivial Holonomy, y=0) B. ON A SPHERE (Non-Trivial Holonomy, y#0)
\ e

INITIAL Vy Hl HOLONOMY

(South)

R Final Vector
Iu L Step-by @
Vector parallel ®)
Vo transport
P P
1 Vo : Final Vector V(1) =V,
* NO CHANGE in vector « Vector changes orientation
orientation after closed loop. due to CURVATURE. Holosomy.angle.= Area | R?
* Angle Change = 0° (Trivial) rolonomyéngiem0 « Vector rotated after closed loop. (Non-Zero)




The recipe for a Heterotic string compactification

Topology (Discrete Data)

CY Manifold

Gauge Bundle

Wilson Line

}

Low Energy Massless Spectrum
(Discrete Data of theory)
(Cohomology)




The recipe for a Heterotic string compactification

Topology (Discrete Data) Geometry (Solutions to PDESs)
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The recipe for a Heterotic string compactification

Topology (Discrete Data) Geometry (Solutions to PDESs)
: Equations of Motion
CY Manifold (PDEs in 6D) Metric guv
Gauge Bundle — Gauge
, , Unique Solution Connection AH
Wilson Line 1. Yau’s Theorem

2. Donaldson-Uhlenbeck-Yau Theorem

Low Energy Massless Spectrum
(Discrete Data of theory)
(Cohomology)

Low Energy Couplings
(Continuous Data of Theory)



Calabi-Yau Metrics

General Method: Physics-Informed-Neural-Networks (PINNSs)

Solving differential equations with neural networks

The neural network fy(x) is the solution to the differential equations

LIfyl = ) | PDE(fyx))|> + | BC(fy(x)) |

We’re going to solve the 6D Einstein equations like this!
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Calabi-Yau Metrics

» The simplest Calabi-Yau 3-fold manifold is the quintic . in | 4
i _ C>-0
(]:>I<

X = (X, X;, X5, Xa, X)) ~ (AX,, AX;, AX5, AX5, AX,) VX € P* Ve C*

4
MCP p=) X2 =0
n=0

. There is a “reference metric” we have on [P g"> = 9,,0; log ( Z X, |7

» Related to the Ricci-flat metric on /: g; = (™| ,)i7 + 0,0:(X, X)
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Calabi-Yau Metrics

* This relationship will help us a lot! It makes the problem tractable

* Analogous expressions also exist for other CY manifolds
FS V
g = (8 ‘%)if T 8idj¢(X, X)
» We represent ¢ with a neural network, and it has some useful properties

e Unique solution - No BCs needed!

* Global function - Unlike a Kahler potential or full metric
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(Equivariant) Projective Neural Networks

C2-0
P, = = |x,y] =[Ax,Ay] VAE C*
(]:>I<
Functions: [f(1x,1y) = f(x,y)
Xy XX yy

— ...feed-forward network--- - R

7y lx,y] =

2 27 112 27 112 2
B A B Y e o B I B e o U

Sections: o € Op (n) = o(dx, 1y) = A"o(x, y)

Xy XX yy
CxPH Iy Iy x P+ Iy

n=2 m:lxyl - > ...feed-forward network--- - R® — (a,b,c) € C? — ax? + bxy + cy?

Generalises to other projective spaces and CYs
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Calabi-Yau Metrics

e So what is the recipe?

e 1. Sample the manifold with a known distribution (Shiffman & Zelditch)

» 2. Find ¢ via gradient descent, insuring it is a global function, such that
the manifold is Ricci Flat

 \We actually do this with the Monge-Ampere Loss

) 1 (¢S + 00p)™
R (¢"S +00g) = 0 e 1 -8 _TOPS _

- 0
K QA Q
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Ricci-flat metric

1071 -

Monge-Ampere Loss

Monge-Ampere measure < 1 %

Data
- Train Loss
- \/alidation Loss

Ricci Scalars (Fubini-Study)
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Application 1:
EFT Validity



EFT Validity

10D SUGRA theory understood in two expansions
e String Coupling: Z Qing?
n
» Higher derivatives: Z B, a"

« For validity of the resulting 4D EFT, we must check both!
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EFT Validity

10D EFT: L xR+ Z o fn(RMNPQ);
n=L
Solve zeroth order equations, then check  (2r)%a/* 1 V2?/%| f1 (RS, N po)| < 1

Without access to the metric, people usually just check: ) ~> 1.
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Frequency

EFT Validity

K, = o — R™PIR, aps This is for the quintic CY3

Kretschmann Scalars (Fubini-Study) Kretschmann Scalars (Calabi-Yau)
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EFT Validity

Important caveat - this is not always so bad!

However, this is evidence that this is an important thing to
check, especially when considering moduli stabilisation!

Candidate de Sitter Vacua

Liam McAllister,® Jakob Moritz,” Richard Nally,* and Andreas Schachner®*

A long way to go before such a calculation can be completed there

(Ongoing work for LVS vacua)
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Application 2:
Yukawa Couplings and Quark Masses



Yukawa Couplings in String Theory

* Couplings require information about geometry (not just topology)
* This involves finding the metric on the Calabi-Yau and other field profiles
 Have recently managed to do this with these line bundle sums!

* First calculation of this kind - made possible by ML!

[Submitted on 2 Feb 2024 (v1), last revised 2 Jul 2024 (this version, vZ2)]

Computation of Quark Masses from String Theory (+ upcoming long paper)

Andrei Constantin, Kit Fraser-Taliente, Thomas R. Harvey, Andre Lukas, Burt Ovrut
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Why do you need geometry now?

* Fields are not canonically normalised in a string compactifications

. & = — Ksply, D"y — K-D,'DV¢p — (@ljkgbiwfwk +h.c)+...

N/

Field space metric Holomorphic Yukawa Couplings

KIJNJ I/I/\*VI/] /A{IJ""’JA I/I/\I/J/\I/K
CY CY

Hodge Star - Depends on the Metric!

Most discussions on flavour physics in string
23 theory have just assumed K is euclidean



What is v?

IJN[ Uy N kyyy I]NJ' Vi NVy N Vg
CY CY
JANTYZCR) EN QAVE AN 1Y P(x,y) = Z POV (), D vi(y) = miv(y)
I
A4 an(X) + m,%gbn(x) = () /
We only want the zero modes The derivative is the gauge and gravity covariant derivative

Geometry: Metric — n—- Gauge Field — e————  Harmonic forms

Eleven neural networks in total!
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This model has the MSSM Particle Content + Uncharged Moduli

The String Model

No extra vector-like pairs or chiral exotica

Hypersurface N A=P1 XP1 X P1 X P41 ~ 52X S2X S2X S2

SU(5) Like structure but no GUT phase

p = Z xg‘yg‘ufvg + Y Z xg‘yﬁzufvg‘
Q) (9s
even odd D2,4 D4,5 d U
+l//X0x1y0ylu0u1V0V1 2 U2 ’ US ’ L ’ 2 L ’ H2,53 H2,5 .
E E 2,4 4,5
2 5

L, L, Ly Ly Ls
-1 -1 0 1 1
O -3 1 1 1

V=0xlo 2 _1 -1 o0 0 0 * 00 0
1 2 0 -1 =2 Y,~|0 0 *| Y,~|0 0 0
® k() 0 0 0

First Calculation of its kind! Proof of concept - do not expect realistic results
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metric on the bundle (1,1,1,1)

Monge-Ampere Loss

10° -
| ' TRHEIY f : : .
: Il v ‘ VVV ] | Topological obstruction to solving EOM
m m ] J
Training f)
Ricci-flat metric % Fails o Higgs harmonic form
pata - 10 integrability : Data
— Tra!n Lc?ss ) condition: 1 _— Tra!n L‘_’SS
- \alidation Loss i ] - \alidation Loss
Data ‘slope nonzero’
Monge-Ampere measure < 1% 1 — Train Loss
1 — Validation Loss " 10° 1
0 20 40 60 80 100 3
Epochs .E
- 10"1?
metric on the bundle (1,-1,1,-1) ‘
10V 5
| Data
—— Train Loss
- Validation Loss 10-2 ' l ' ' 1 . 1 ‘ '
0 5 10 15 20 25 30 35 40
T T T T T T . EpOChS
0 20 40 60 80 100 Passes
Epochs 1 : .
iIntegrability
condition:
‘slope zero'
— All satisfy the EOM to within a few percent
Topologically allowed to solve EOM
. | . . 11 networks trained in total

0 20 40 60 80 100
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Results

0.009

From model structure, will always =

have one massless quark
From choice of one-parameter family
of moduli two remaining masses are .
equal i o
We checked that this degeneracyis
ifted for other choices of moduli

Statistically ~1% error
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Conclusion

 Numerical methods, enabled by ML/AI, has enabled the calculation for
previously inaccessible quantities in string compactifications

o Better analysis of EFT control - more refined than large volume
approximation

 These are important considerations for moduli stabilisation

* First, from first principles, calculation of quark masses from string theory!
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