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Action Principle and Conformal Symmetry

Polyakov’s Action

+o00 l
1 2
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Symmetries: Conformal symmetry:
Poincaré transf.. X' = A", XY 4 c# vanishing stress-energy tensor:  T4p =0
2D diff.: Yip = (J_l)aﬁ)\p%\p traceless stress-energy tensor:  tr7 =0

/ conformal gauge: Yop = €® Nap

Weyl transf.: Yap = € Yap
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Superstrings in D dimensions — Virasoro algebra (central extension of de Witt's algebra):

T(z) = —iaX(z) LOX(z) - %ll)(z) oWz = o= go
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Action Principle and Conformal Symmetry

Superstrings in D dimensions — Virasoro algebra (central extension of de Witt's algebra):

T(z) = —éaX(z) LOX(z) - %11)(2) oWz = o= SD

(A,0) / (1 —A,0) Ghost System

Introduce anti-commuting (b, ¢) and commuting (f, v) conformal fields:

Sgrestls 5 By v] = / / dzdz (b(z) Be(2) + B(2) Fy(2))

where A, =2 and A; = land)\ﬁ— and A, = —

1
5 [Friedan, Martinec, Shenker (1986)]
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Action Principle and Conformal Symmetry

Superstrings in D dimensions — Virasoro algebra (central extension of de Witt's algebra):

T(z) = —éaX(z) LOX(z) - %11)(2) oWz = o= SD

(A,0) / (1 —A,0) Ghost System

Introduce anti-commuting (b, ¢) and commuting (f, v) conformal fields:

Sgrestls 5 By v] = / / dzdz (b(z) Be(2) + B(2) Fy(2))

where A, =2 and A; = land)\ﬁ— and A, = —

1
5 [Friedan, Martinec, Shenker (1986)]

Consequence:
Crull = C + Cghost = O <~ D = 10.
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CFT Time Divergences Deep Learning
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Extra Dimensions and Compactification

Compactification
%1,9 —_ %1,3 ® Vf%

® %% is a compact manifold

® N =1 supersymmetry preserved in 4D
® contains algebra of SU(3) ® SU(2) ® U(1)

[code in Hanson (1994)]

3/37



CFT Time Divergences Deep Learning
000@00000000OO00000 00000000 000000000000 000

Extra Dimensions and Compactification

Compactification
%1,9 —_ %1,3 ® Vf%

® %% is a compact manifold

® N =1 supersymmetry preserved in 4D
® contains algebra of SU(3) ® SU(2) ® U(1)

[code in Hanson (1994)]

Calabi—Yau manifolds (M, g) such that:
® dimgM=m
® Hol(g) C SU(m)
® Ric(g) =0 (equiv. c;(M) =0)

[Calabi (1957), Yau (1977), Candelas et al. (1985)] ‘
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Extra Dimensions and Compactification

Compactification
%1,9 —_ %1,3 ® e/t%

® %% is a compact manifold

® N =1 supersymmetry preserved in 4D
® contains algebra of SU(3) ® SU(2) ® U(1)

[code in Hanson (1994)]

Calabi—-Yau manifolds (M, g) such that: Characterised by Hodge numbers
® dimgM=m
® Hol(g) C SU(m)
® Ric(g) =0 (equiv. c;(M) =0) (no. of harmonic (r, s)-forms).

s _ . r,s
h"* =dimg Hy *(M, C)

[Calabi (1957), Yau (1977), Candelas et al. (1985)] ‘
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Polyakov's action naturally introduces Neumann b.c.:

o=~
=0

o=0

0sX(T,0)

satisfied by open and closed strings in D dim. s.t. OX =0 = X(z,2) = X(z) + X(2).

4731
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D-branes and Open Strings

Polyakov's action naturally introduces Neumann b.c.:

satisfied by open and closed strings in D dim. s.t. OX =0 = X(z,2) = X(z) + X(2).
T-duality

Consider closed strings on .#%P~1 = #1P=2 @ SI(R):

D—-1 1

& =1 (n% + mR 2 2 4
RN ST M=—ptau= ) + SN +a)
0(0 = \/W n?fm
2 "'D712 4 =
= @)+ 5 (N+2)
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D-branes and Open Strings

Polyakov's action naturally introduces Neumann b.c.:

o=/{

satisfied by open and closed strings in D dim. s.t. OX = 0= X(z,2) = X(2) + X(2).

T-duality
Dirichlet b.c. consequence of T-duality on p directions:
. - ) o=/ i . o=/
X(z) » —X(z) = 08.X(r,0)] =0 BY aX(t,0)] =0
o=0 o=0
thus open strings can be constrained to D(D — p — 1)-branes. [Polchinski (1995, 1996)]
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Introducing Dp-branes breaks ISO(1, D — 1) — ISO(1,p) ® SO(D — 1 — p) :

A" — (A% A%) = U(1) theory in p+ 1 dimensions (and scalars)
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Introducing Dp-branes breaks ISO(1, D — 1) — ISO(1,p) ® SO(D — 1 — p) :

A" — (A% A%) = U(1) theory in p+ 1 dimensions (and scalars)

[Chan, Paton (1969)]

[n; ry = Z ln; i, j) Ny = U(N)

i,j=1
5/37
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Introducing Dp-branes breaks ISO(1, D — 1) — ISO(1,p) ® SO(D — 1 — p) :

A" — (A% A%) = U(1) theory in p+ 1 dimensions (and scalars)

O EE

leptonic (Y = 0)
(ﬁ) I‘/ Jj/
eL_
[Chan, Paton (1969)] =+

leptonic (Y = —1)

baryonic (Y = 1)

dg

ft (Y =—3 right (Y = —1 ight (Y =0
=S (i N, = ) T e o
i,j=1
5 /37



Consider 3 intersecting D6-branes filling .#13 and embedded in R®

NB =9 cl Xt 7M t]
<H OMy (X(t))> N N({X(t), M(t)}IStSNB>e £ ({ © ”}199'8)
t=1
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Consider 3 intersecting D6-branes filling .#13 and embedded in R®

NB =§ cl X(t 7M t
<H OMy) (X(t))> :N({X(t)a M(t)}1§thB e ({ Y ()}13@3
t=1
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Deep Learning

0000008000000 00000 00000000 000000000000 000
Intersecting D-branes
Consider 3 intersecting D6-branes filling .#'3 and embedded in R®
Twist Fields Correlators
Ng
—SE (@) ({Xw Mo b ien
H OM(y (X(t)) :N<{X(t)7 M(t)}1gt§NB € S
t=1
2. T
- D-branes in factorised internal space:
)
, ® embedded as lines in R? x R? x R?
) D3
&) g(;) i ® relative rotations are SO(2) ~ U(1) elements
(ch)
I e * 5 {X(t)7 M(f)}lgthB ~ Area {f(f)7 R(t)}1gthB
@) TO(1
/ D(l)g(l) fay \\\‘i) ‘ [Cremades, Ibanez, Marchesano (2003); Pesando (2012)] ‘
\
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Consider R* x R? (focus on R*):
Dey

i !
(X)) = (Rw) , X” — gy € R?

where
S0(4)
R € 500(2) x 02))

that is
[Riy] = {Rwv) ~ Ow)Rivy }
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® y=x+iy=e€%"" and U = u*

® X(t) < X(¢—1) worldsheet intersection points

Dg) Dg)
—

| D@y | Dg) Dg) |
! Lox

e O O I o <A S 4
X X(3) X(2) X
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Ya
® u=x+iy=e""% and T = u* Dy D)
— —
® X(t) < X(¢—1) worldsheet intersection points i Dy D) D2
i X
— S T EERRERU
X(4) X(3) X(2) X()

{&,X(x +i0%) = Uy - 0gX(x — i0) = [R(;)l (o3 ®1,) - R(t)] - 9aX(x — i07)
XXy X)) = fo
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duX (u) if z € AL X (x() + €78.4) = Upe, e11) 02X (x() + 54),

0,X(z) = - _ = .
( ) {U(f) 81—,X(ﬁ) if z€ jf<(t) 6ZX(X(1_~) + e27'[15_) = Z’l(t, t+1) 8ZX(X(1‘) + 6—)7

where jf;) ={zeC|lmz=0orze Dy} and b+ =n+i0",
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BuX () if z e 0 0, (x(e) + €275, A X (xe) + 64),

0,X(z) = - _ = .
(@) {u@) 0aX(u) if z e D 02X (x(e) + €2™5_) d.X(xe) +6-),

where jfg) ={zeC|lmz=0orze Dy} and b+ =n+i0",
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Doubling Trick and Spinor Representation

Doubling Trick

; (t) 27t
0,%(2) = auX(u)i if z e A5 N 02X (x(t) + e2 _6+)
U(f) &UX(U) if ze %ét) 6ZX(X(1') +e 7116_)

where %g) ={zeC|Imz=0o0rze Dy} and 54 =n+i0*.

Use Pauli matrices = (i1, 0):

~

. (~) (~)
3ZX(S)(Z) = (922(,(2) T = 8ZX(X(t) + 2™ 6i) =L (t, t+1) azX(X(t) + 51) R(t7 t+1)

where

~)

(~)
L (t,t+1) € SU(Q)L and R(t7t+1) S SU(2)R
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Im w
Sum over all contributions:
Bw = B,
0:X(2) = =~ S ar(—w)M (1 - w,)™
I, r=—oc0
Re w T
oY 2 % B1)(wr) (B ()
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Sum over all contributions:

8w =
:X(2) =52 Y o (—w,)™ (1 — w,)®r
I, r=—o00
Re w T
ot < x Bgf)(w,) (B8 (w2))

Bo.n(w,) = [+ 0 ey 2 F1(an, bai coi wy)
0,mM\*%z) = | ¢ K, (T_E;z)c )_2F1 (an +1—cp bp+1—cp 2—cp; wz)

10 / 37



Sequence of the operations:
1. rotation matrix = monodromy matrix
2. contiguity relations = independent hypergeometrics
3. finite action = 2 solutions (no. of d.o.f. is correctly saturated)
4. boundary conditions = fix free constants ¢
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The Solution

Sequence of the operations:
1. rotation matrix = monodromy matrix
2. contiguity relations = independent hypergeometrics
3. finite action = 2 solutions (no. of d.o.f. is correctly saturated)
4. boundary conditions = fix free constants ¢,

Physical Interpretation

X2, TOQ)
\s
fi2)
Dez) D 1
) / _ L
8e) FON 27t Sge = § : (2‘g(t) ’f(f—l) B f(f)’
on-shell t=1
__ J/mag
o A5 Ty = Area ({ fie) }1§t§NB>
Dg) fy \ -
\
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The Solution

Sequence of the operations:
1. rotation matrix = monodromy matrix
2. contiguity relations = independent hypergeometrics
3. finite action = 2 solutions (no. of d.o.f. is correctly saturated)
4. boundary conditions = fix free constants ¢,

Physical Interpretation

Dy

—

® strings no longer confined to plane

® strings form a small bump from the D-brane

\/ ® classical action larger than factorised case

,,,,,,, [RF, Pesando (2019)]
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- W(r,0) = (Ry) , Wi(r,0) for T € (%), )
A P (t,m) =—Pl(r,n) forteR

Tes) (o) T(e-1)
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T
Oo—>

Tetn) T Te—1)

- P (1,0) = (R(t))ljlbi(T, 0) forte (T, te-1))
P (t,m) =—Pl(r,n) forteR

H(t) =0 < 1€ (T(e)s T(e=1))

Tii(ii)=—i£ll’l,/(ii)glbi(£i) = {P(T) 40
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Expand on a basis of solutions

Ve 4 (v) if ze D

+oo
Ya(Er) = Y bpba(Es) =  ¥Y(2)= {1|)E,—(U) if 7 ¢

n=—oo
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Expand on a basis of solutions

+oo
Ve(Ee)= Y babna(Es) =  VY(z2)=

n=—oo

Ve (u) ifze "
Ve _(u) ifze A0

(0, W) = 27N ?{ U =5, <<*wn(*), W(*>> _0

13 /37
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Expand on a basis of solutions

Ve () ifze D

+oo
lb:t(E.:I:) = Z bnlbn(zvzl:) = llI(Z) = {d)E,—(U) ifze jf<ﬁ)

n=—oo

R A .

Derive the algebra of operators:

2N
[bn’ b;]_i_ = T <<*lyn*7 \llfn>

13 /37



Consider Ry = "™ € U(1):

W(x(e) + €778) = €O W(x(y) +0)

where
€t) = Xet1) — %(e) + (o) — (1) — 1) — O(x(er1) — x(r) — 1)

14 /37
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Consider Ry = "™ € U(1):
W(X(t) =+ e2"i5) = eme(t) W(X(t) + 5)

where
€(t) = X(ey1) — &(r) + O(x(r) — &1y = 1) = O(o(er1) — x(ry) — 1)

N 7 e+
Yo (z; 1% =MNyz " (1— —)
(z {x0}) =My tl;[l o
N — g+
X n—1 ( Zz )
( { (f)}) 27WN\y tl_[l 1)

14 /37



Define the vacuum with respect to b,:

by, |{x(t)}> =0 for n>1

- 1
0>=0 for n>n(t)—|— () —

bn 2

15 /37



Define the vacuum with respect to b,:

by, |{x(t)}> =0 for n>1

~ e(t) 1
b, 0>:0 for nZn(t)—I-T—l-E

Theories are subject to consistency conditions:
in-annihilators
bn

out-annihilators

<{X(t)}|{X(t)}> =1 = L= N(e) + E(t) bii1p Gverlap
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Define the vacuum with respect to b,:

by, |{x(t)}> =0 for n>1

- 1
0>=0 for n>n(t)—|- () —

bn 2

Theories are subject to consistency conditions:

out-annihilators

in-annihilators

({IxotH{xw})=1 = L=nu+ne=0 Pt

| overlap |
| region |

b

ML L+1

15 /37



Compute the OPEs leading to the time dependent stress-energy tensor:

€ (¢ 2
1 ZN:"(t)Jrle
2 Z—X(t)

t=1

+o0
T(z) = TIT Z tbpbn z7"TM l

n, m=—oo

(t)+ )
+2
Z Z—X(t)

[RF, Pesando (2019)]
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Stress-energy Tensor and CFT Approach

Compute the OPEs leading to the time dependent stress-energy tensor:

nT = m—n N ey + 2 N ey + 2 :
2 § * —n—m B 2 : 2
7(2) 2 N it m: 2 l 2 + =z Xy (t_l = X(t) )

[RF, Pesando (2019)]

Invariant Vacuum and Spin Fields

[{xo}) =N({xo}) R

16 / 37



O (o Hioo ) = of o LI TG

X()

€(u)

= ({xo{xoh) =N{ew}) [T uw —xw) () (o + )

t=1
t>u
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Spin Fields Amplitudes

Equivalence with Bosonization

Oy In ({x0 } [ {x0)}) = j{ 2(1;/ <{X<t{)}<|t£|{xl{)}<(§)}>

X(t)

N €u Et
= ({xdlxod) = M({e@}) TT G — o) o #) (ot )
1

t=
t>u

(semi-)phenomenological models involve twist and spin fields and open strings

framework for bosonic open strings with intersecting D-branes

spin fields as boundary changing operators (hidden in defects)

framework for amplitudes (extension to (non) Abelian twist/spin fields?)

17 /37
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string theory = theory of everything = nuclear forces + gravity
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CFT Time Divergences Deep Learning
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A Few Words on a Theory of Everything

string theory = theory of everything = nuclear forces + gravity

From the phenomenological point of view:

® cosmological implications

18 / 37



CFT Time Divergences Deep Learning
000000000000 000000 O@000000 000000000000 000

A Few Words on a Theory of Everything

string theory = theory of everything = nuclear forces + gravity

From the phenomenological point of view:
® cosmological implications

® Big Bang(-like) singularities

18 / 37



CFT Time Divergences Deep Learning
000000000000 000000 O@000000 000000000000 000

A Few Words on a Theory of Everything

string theory = theory of everything = nuclear forces + gravity

From the phenomenological point of view:
® cosmological implications

® Big Bang(-like) singularities

® toy models of space-like singularities

18 / 37



CFT Time Divergences Deep Learning
000000000000 000000 O@000000 000000000000 000

A Few Words on a Theory of Everything

string theory = theory of everything = nuclear forces + gravity

From the phenomenological point of view:
® cosmological implications

® Big Bang(-like) singularities

® toy models of space-like singularities

4

time-dependent orbifold models

l [Craps, Kutasov, Rajesh (2002); Liu, Moore, Seiberg (2002)]

18 / 37



Use time-dependent orbifolds to model space-like singularities:

divergent closed string amplitudes = gravitational backreaction?

19 /37



Time Divergences
oe

Cosmological Singularities

Use time-dependent orbifolds to model space-like singularities:

divergent closed string amplitudes = gravitational backreaction?

Divergences

Even in simple models (e.g. NBO, more on this later) the 4 tachyons amplitude is divergent in
the open sector at tree level:

dq
Aw/—,gz{q
‘ g (@)
qr~o0

where

Aitosed (@) ~ g and  ppen(q) ~ X I t([Te, To), (T3, Tal,)

19 /37



Start from (x*, x~, x?, X) € .4HPL:

u =x
_ X 2 2 1.2 i 3o
= = ds® = —2dudv + (Au)® dz” + §;dx" dx
2\2
v —X+_%(i—)

20 /37



Start from (x*, x~, x?, X) € .4HPL:

u =x
_ X 2 2 1.2 i1
= = ds® = —2dudv + (Au)® dz” + §;dx" dx
2\2
v —X+_%(i—)

k= —i(2nA)Jyp =210, = z~z+2mn
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Start from (x*, x~, x?, X) € .4HPL:

u =x
_ X 2 2 1.2 i1
= = ds® = —2dudv + (Au)® dz” + §;dx" dx
2\2
v —X+_%(i—)

k= —i(2nA)Jyp =210, = z~z+2mn

Scalars on NBO:

. -\ ~ I'(k+V+/Z+I_<'-)_(') P 1, |;| 2.,
¢{k+ I r}(u, v, z, X) = el(k+v+lz+k-x) ¢{k+ L r}(u) __¢ . lazk_+L,4_,J_\_2,(+ u

(2m)° |24k, ul

20 /37



Scalar—photon interactions:

i&;‘é{,—/d"x\/_( e8P au(®" 050 — 050" 6) + &g P auap | — & o)
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Scalar—photon interactions:

§5‘é{,—/d"x\/_( ieg™a(" Db — Ipd” §) + e g P anaplof — & o[

Terms involved:

+oo N
[v] _ v T
I{’V}_ /du|Au|u H¢{k+(,-),/(,-),E(,-),r(,-)}(”)

0 _ 1+
Tiny = /d” Al Hd){km > Ky ’<>}( “)

21737
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Scalar QED Interactions
Scalar—photon interactions:
SS(('Q"E)D = /de vV—g (—i eg“ﬁa“(d)* Opd — 9™ ) + e? g“Baaaﬁ|¢\2 — % \d)|4)
Q

Terms involved:

+o00 N
v _ e
I{X’} B / duA ufu” H¢{k+(;)~,/(i)J?(i)J(f)}(u)
e i=1

+o0

M
Tiny = /

— 0o

N
1+v Y
du|AHu| Hd){kJr(i);l(i)wl:(ihr(i)}(u)
i=1

most terms do not converge due to isolated zeros (I,) = 0) and cannot be recovered even
with a distributional interpretation due to the term oc u™' in the exponential

21 /37



CFT Time Divergences
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String and Field Theory

So far:
field theory presents divergences (see sQED)

® obvious ways to regularise (Wilson lines, higher derivative couplings, etc.) do not work
¢ divergences are not (only) gravitational
¢ vanishing volume in phase space responsible for the divergence
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String and Field Theory

So far:
field theory presents divergences (see sQED)

® obvious ways to regularise (Wilson lines, higher derivative couplings, etc.) do not work
¢ divergences are not (only) gravitational
¢ vanishing volume in phase space responsible for the divergence

What about string theory?
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Time Divergences
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String and Field Theory
So far:

e field theory presents divergences (see sQED)
® obvious ways to regularise (Wilson lines, higher derivative couplings, etc.) do not work
¢ divergences are not (only) gravitational
¢ vanishing volume in phase space responsible for the divergence
What about string theory?

Massive String States
i

V2!

. 2
o / o4 ik-X(x, x
Vialxi k, S, &) = ( £x2X"(x,x) + (2 ) SaX“(x X)0XP(x, x>)e”<' ).
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Time Divergences
[e]e] le]e}

String and Field Theory
So far:

e field theory presents divergences (see sQED)
® obvious ways to regularise (Wilson lines, higher derivative couplings, etc.) do not work
¢ divergences are not (only) gravitational
¢ vanishing volume in phase space responsible for the divergence
What about string theory?

Massive String States
i

V2!

i

ocaZXoc ) Wi
£ 02X (x x)+<@

Viu(x; k, S, &) =: <

string theory cannot do better than field theory (EFT) if the latter does not exist

2
> Sap O X% (x, x)0XB(x, X)) ek X0 x) .

22/37



Introduce the generalised NBO:

u =X

1 X2 X3
Z = 5= A, + As )

1 (2 3 = K= —27TI(A2J+2 + A3J+3) =210,
W= \a T

23 /37



Introduce the generalised NBO:

u =x

1 2 3
zZ =n\lmta _

1 (2 3 = K= —27TI(A2J+2 + A3J+3) = 270,
W= (-

1 1

o) 2
2 (27t)D|A2A3k+||u|

¢{k+,p, Ik, r}(”)

23 /37



Time Divergences
000000000000000000 0000000e 000000000000000

On the Divergences and Their Nature

® divergences are present in SQED and open string sector

® singularities = massive states are no longer spectators

® vanishing volume (compact orbifold directions) = particles “cannot escape”

® non compact orbifold directions = interpretation of amplitudes as distributions

® issue not restricted to NBO/GNBO but also BO, null brane, etc. (it is a general issue
connected to the geometry of the underlying space)

24 /37
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On the Divergences and Their Nature

® divergences are present in SQED and open string sector

® singularities = massive states are no longer spectators

® vanishing volume (compact orbifold directions) = particles “cannot escape”

® non compact orbifold directions = interpretation of amplitudes as distributions

® issue not restricted to NBO/GNBO but also BO, null brane, etc. (it is a general issue
connected to the geometry of the underlying space)

divergences are hidden into EFT contact terms and interactions with string massive

States: gravity is not the only cause as the same problems are present also in gauge theories.

’ [Arduino, RF, Pesando (2020)] ‘
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Focus on Calabi-Yau 3-folds:

H0,0 —hp30 =1
) . . B0 =0 if r#3
h"s = dimg Hgs(M, C) = s — p3-r3-s

R e N
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Focus on Calabi-Yau 3-folds:

H0,0 = hK30—=-1
) . . B0 =0 if r#3
h"s = dimg Hgs(M, C) = bros — p3-r3-s
hbl A%l e IN

Intersection of hypersurfaces in
A=P" x ... x P™
where
n p,-(ZO,...,Z") ZP,'lm,'l.Zil...Zi":O
P .
p,-(?\ZO, RPN ?\Z") = 7\’p,-(Z°, ceey Z")

| [Green, Hiibsch (1987); Hiibsch (1992)]

25 /37



CICY can be generalised to m projective spaces and k equations. The problem is thus

mapped to:
X INmxk — N

n 1 1
Pm a0 a
N hl,l or h2,1

n m m
Pmof a0 &y
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CICY can be generalised to m projective spaces and k equations. The problem is thus

mapped to:
X INmxk — N

— A4l or p21
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Representation of the Output

CICY can be generalised to m projective spaces and k equations. The problem is thus
mapped to:
7% INm >k — N

Pl oor p1

Machine Learning Approach

What is Z in machine learning approach?

R(M) = Bo(M; w) = BP9 st. In>M>0 | ﬁn(ﬁm, hp’q) <e Ve>0
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® optimisation problem = ‘ gradient descent ‘ (or similar)
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optimisation problem =- gradient descent (or similar)

use various algorithms and exploit large datasets (more training)
intersection of computer science, mathematics and physics
provide in-depth data analysis of the datasets

=
2

-

2

count
-
)

count

-
e

o
2

|

0 10 20 30 40 50 60 70 80 90 100

8
h“

[Green et al. (1987)]

27 /37



7890 CICY manifolds (full dataset)
® dataset pruning: no product spaces, no “very far” outliers (reduction of 0.49%)

80% training, 10% validation, 10% test

® choose regression, but evaluate using accuracy (round the result)

28 /37



000000000000000000 00000000 0000®0000000000

7890 CICY manifolds (full dataset)

® dataset pruning: no product spaces, no “very far” outliers (reduction of 0.49%)
80% training, 10% validation, 10% test

® choose regression, but evaluate using accuracy (round the result)

18
%0
16 . . * b

14 L .

12

2 —
. .
0 L 0 .

full clean full clean
Type of distribution Type of distribution
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exploratory data analysis — feature selection — Hodge numbers

| [Ruehle (2020); Erbin, RF (2020)]
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exploratory data analysis — feature selection — Hodge numbers

| [Ruehle (2020); Erbin, RF (2020)]

Correlation Matrix of the Scalar Features Importance of the Scalar Features (w/ matrix)
0.25 e Cumulative Importance of the Vector and Matrix Features
- %1 0.30 —
0.20 i
g AO.ZS
g g
g 015 S 0.20
5 8
5 5
8010 £ 015
E g
Eo10
0.05
005 I
norm_matrix | .
- 0.00
gs885z BESNEETENESESES LS 000 M
B8 EEE 385880858882z 00 s z 2 8 A 2
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3,00« < 15 3 & & 5 T ° ° _l 5 & 5 £ = 5 g b4
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classification
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dimensionality
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https://scikit-learn.org/stable/tutorial/machine_learning_map/index.html
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[from scikit-learn.org]

classification

clustering

dimensionality
reduction
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dimensionality
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https://scikit-learn.org/stable/tutorial/machine_learning_map/index.html

What is PCA for a X € R"*P?

® project data such that variance
is maximised

e eigenvectors of XX or the
singular values of X

® isolate signal from background

® case the ML job of finding a
better representation of the input
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A Word on PCA

Distrbutin of the Eigenvalues of 8 Wiahart Data Wat and Marcherko -Pastur Liniting Disrbution

What is PCA for a X € R"™*P?

® project data such that variance
is maximised

e eigenvectors of XX or the Sl Vel Decomp riance Retaineper Companent Sinutr Vel Decomp, - Cumiive VarianceRetined
singular values of X . e 99.0% of variance retained
® isolate signal from background
® ease the ML job of finding a g gee
004 £
better representation of the input g Zos
0.02 é
u02
0.00 81 components
component of the configuration matrix component of the configuration matrix
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Configuration Matrix Only

e 1 (30% ratio)
3 (80% ratio)
% (30% ratio)
— 71 (80% ratio)

07
61% 61%
oe 57%
sa% 2%
519, o
Im‘ I
S )
ofﬁ
B

09

accuracy
&
2
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Machine Learning Results

Configuration Matrix Only

1 (30% ratio)
=5 (80% ratio)
=57 (30% ratio)
— 5?1 (80% ratio)

accuracy
5 &
2 3
=
2

70%
7%
543 255
s0%
46%
16%
Ll 10%
& & &
2 & R
& & >
€ &
§

[slelelelelelole] lolslolelele]
Best Training Set [(ewin, rF (2020)]
w0
h*1 (30% ratio)
mm ' (80% ratio)
2% (30% ratio)
09 21 (80% ratio)
0
63% 64% 63% )
06 57%
Eos
0
o
02 19% 19% 20%
II . I
0
& N 2 & &
&
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¢ use gradient descent to optimise weights

learn highly non linear representations of the input

® can be “large” to have enough parameters

® can be “deep” to to learn complicated functions

Layers

fully connected: ¢ (al) . Wil 4 pil1)
convolutional: ¢ (a0« wilt 4 piity)

Non linearity ensured by:

¢(z) = ReLU(z) = max (0, z)

5

7 X utput
ﬁ/ﬁgw WV YA 0 unie]
IR
NN AN A
%’A'BA'B‘

rrrrrrr

[rendition of the neural network in Bull et al. (2018)] ‘
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Convolutional Neural Networks

Why convolutional?

® retain spacial awareness

® smaller no. of parameters
(=2 x 105 vs. &~ 2 x 10°)

® weights are shared

® CNNs isolate “defining
features”

® find patterns as in computer
vision

2

by =6, hn =26

3 4 5

6 7 8 9 10

11

12 13

14

10

00
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Convolutional Neural Networks

Why convolutional?

® retain spacial awareness

® smaller no. of parameters
(=2 x 105 vs. ~ 2 x 109)

® weights are shared

® CNNs isolate “defining
features”

® find patterns as in computer
vision

o ¢ (alt+)
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Convolutional Neural Networks

Why convolutional?

retain spacial awareness

smaller no. of parameters
(2 x 10° vs. &~ 2 x 10°)

weights are shared

CNNs isolate “defining
features”

find patterns as in computer
vision

convolutional layers (5 x 5
kernel, ReLU activation)

———/ "\

180012 x 15

100012 x 15 0012 x 15 20012 x 15

Deep Learning
000000000080 000
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Recent development by deep learning research at Google led to:

® neural networks with better generalisation properties
® smaller networks (both parameters and depth)
e different concurrent kernels
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Inception Neural Networks

Recent development by deep learning research at Google led to:
® neural networks with better generalisation properties
® smaller networks (both parameters and depth)
¢ different concurrent kernels

concatenation module 1 concatenation module 2 concatenation module 3
hor: 1 x 15 kernel hor: 1 x 15 kernel hor: 1 x 15 kernel
ver: 12 x 1 kernel ver: 12 x 1 kernel ver: 12 x 1 kernel
(ReLU activation) (ReLU activation) (ReLU activation)

£ 5 s
3 o 3, 7 7
s/ o ; 9
/| o 2

input ayer

LU ;/ LU 35 /37
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Best Training Set [ (erin, rRF (2020)]

i (30% ratc)
— (80% ratc) o
- (30% ratc)
09 123 (80% ratio

83%
08
72%
07 69%
66%
65%
63% S 63%
61%
06 7%
55%

o \f'ﬁ ¢ & &

accuracy.

00

o
&

& o & o

36 /37



CFT Time Divergences Deep Learning
000000000000 000000 00000000 O00000000000e00

Deep Learning Topology with Computer Vision

—— h11 (train)

Best Training Set [ (erin, RF (2020)] o — i1 wal)

10 P
h1 (30% ratio)
— 111 (80% ratio) s 506
— 21 (30% ratio) ]
09 mm ptt (80% ratio) 2
g
83% © 04
08
02

72%

0.0
0.1 0.2 03 0.4 05 0.6 0.7 0.8 09
training ratio
g 1.0
08
506
3z
4
s
S
504 —
- —— h11 (train)
0.2 —e— h11 (val.)
-+ h21 (train)
e h21 (val)
00

01 02 03 04 05 06 07 08 09
training ratio

[see Erbin’s talk at string_data 2020]
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Why deep learning in physics?

o reliable predictive method
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Why deep learning in physics?
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o reliable generalisation method (provided good data analysis)
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o interdisciplinary approach = win-win situation!
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A Few Comments and Future Directions

Why deep learning in physics?

reliable predictive method (provided good data analysis)
reliable source of inspiration (provided good data analysis)
reliable generalisation method (provided good data analysis)
CNNs are powerful tools (this is the first time in physics!)
interdisciplinary approach = win-win situation!

O O O O O

What now?

o representation learning = what is the best way to represent CICYs?

o study invariances = invariances should not influence the result (graph representations?)
o higher dimensions = what about CICY 4-folds?

o geometric deep learning = explain the geometry of the “Al"” behind deep learning!

o reinforcement learning = give the rules, not the result!
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Time Divergences

The End?

® D-branes at angles and defect CFT —  spin and twist

fields
¢ time dependent orbifolds — strings and divergences

® deep learning —  CICY and topological properties

THANK YOU

Deep Learning
00000000000000e




	Conformal Symmetry and Geometry of the Worldsheet
	Preliminary Concepts and Tools
	D-branes Intersecting at Angles
	Fermions and Point-like Defect CFT

	Cosmological Backgrounds and Divergences
	Orbifolds and Cosmological Toy Models
	Null Boost Orbifold

	Deep Learning the Geometry of String Theory
	Machine Learning and Deep Learning
	Machine Learning for String Theory
	AI Implementations for Geometry and Strings


	0.EndRight: 
	0.PlayPauseRight: 
	0.PlayRight: 
	0.PauseRight: 
	0.PlayPauseLeft: 
	0.PlayLeft: 
	0.PauseLeft: 
	0.EndLeft: 
	anm0: 
	0.79: 
	0.78: 
	0.77: 
	0.76: 
	0.75: 
	0.74: 
	0.73: 
	0.72: 
	0.71: 
	0.70: 
	0.69: 
	0.68: 
	0.67: 
	0.66: 
	0.65: 
	0.64: 
	0.63: 
	0.62: 
	0.61: 
	0.60: 
	0.59: 
	0.58: 
	0.57: 
	0.56: 
	0.55: 
	0.54: 
	0.53: 
	0.52: 
	0.51: 
	0.50: 
	0.49: 
	0.48: 
	0.47: 
	0.46: 
	0.45: 
	0.44: 
	0.43: 
	0.42: 
	0.41: 
	0.40: 
	0.39: 
	0.38: 
	0.37: 
	0.36: 
	0.35: 
	0.34: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


