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Machine learning as seen by a not so expert
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Machine learning as seen by a not so expert
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Machine learning as seen by a not so expert
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H—Data  2) Ahighly 3) Cost function

(active learning) Structured model

4) Minimize Cost function - Enjoy

Pirsa: 23060034



Today:

1) Tensor Trains & the Tensor Cross e
Interpolation (TCI) algorithm. Dolgov & Savostyanov
2) Application to the calculation of
Feynman diagrams.
3) Some Kondo physics.
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Contractions
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Grouping and degrouping of indices

i=a+ Ny,a' and j = B+ Ngf’

Uij = Uati)g)a' ()8 (5)-
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Compressing (grouping, svd, degrouping)

; X Y
b6

Truncated singular value decomposition provides the optimum low
rank approximation of a matrix
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By far the most popular tensor network: Matrix Product State (MPS)
or Tensor Train (TT)

=Y 3 MEOME,, @M, (). M (N .. in)

21...4N M1---MN_—1

(Can be seen as a variational ansatz in e.g. DMRG)

X
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A large tool box for MPO/MPS:

(checkout ITensor
E from M. Stoudenmire
In the room,
https://itensor.org)
H x

A X = b = E x hi %

Tensor Cross Interpolation allows one to map many things onto this toolbox:
’ 2
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- Does not necessarily require the knowledge of the
full matrix.

- Approximation given as slices of the original matrices.

- Inits optimum version Cl is to SVD what the infinite
norm is to the L, norm.

A=A ATA ©
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A=A1DJ) ~ A1, J)AIZ,TJ) *A(Z,J))
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(P1) It is an interpolation, i.e. it is exact for any ¢ € Z or
j € J. This can be straightforwardly checked from
the definition as e.g. A(Z,J)A(Z,J) 'A(Z,]) =
A1)

(P2) It is exact if the matrix A has rank y (cf. Appendix
B for a simple proof).
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An example of Cross Interpolation

1 pivot 2 pivot 3 pivot

4 pivot 5 pivot 6 pivot

M(i,j) =1+ (i/N)? cos(i%) + (§/N)? sin(fi) + -

N N2
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TENSOR CROSS INTERPOLATION

.

Uy U; Uz Ug Us

* toy (exponential) algorithm

* approximation entirely
made out of slices of A
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THE ACTUAL ALGORITHM (OLD VERSION)

g7 3 s 1 2L sk

Ut Cys s Uy e U Ly Uy u; Uj Uy Ug Ug Uz

* |Initialize with a rank 1
approximation (a single call ~ (uq,...,u,) = (U w e

to the integrand) : - /1 .
a-1 a+2 a-1 a+l @ a+2

e

* Loop over pairs of « T » to i b k g | j
improve the cross -H_ & * L] F
approximation (add pivots) 0. 0 U Uaen

S. Dolgov and D. Savostyanov, Parallel cross interpolation
for high-precision calculation of high-dimensional inte-
grals, Computer Physics Communications 246, 106869
(2020). 16
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Example: « quantics » , representation of low dimension function with exponential (2")
resolution

Flx,y) = e 4" *+Y*) 4 14sin (xy) e ™ +cos (3xy) e +cos (x + y)

S een z; € {0,1}

= +2+23 amn

2 2

x=1

... 147
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Today:

1) Tensor Trains & the Tensor Cross
interpolation algorithm.

2) Application to the calculation of
Feynman diagrams.

3) Some Kondo physics.
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JEI = Z H@jCICj

iJ

H()= EHJ Wi

H(r) = Ho(t) + UHn(2)

Hiy (1) = Zvijkl(t )ézé}ékél-

ijkl
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kwant

HTTP://KWANT-PROJECT.ORG
With TU Delft (Akhmerov, Wimmer).

Main developer: C. Groth

HTTP://TKWANT.KWANT-PROJECT.ORG

Main developer: T. Kloss

- Kondo physics

- Coulomb blockade, Fermi edge singularity
- 0.7 anomaly

= FOHE

- Quantum computers

19
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HTTP://KWANT-PROJECT.ORG
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With TU. Delft (Akhmerov, Wimmer et al.)

experiment:

L

<h

|

G {2e* M)

:

Pirsa: 23060034 Page 21/45



Pirsa:

00000000

a¥a'
; "." a¥a%a%a"%
a¥a¥a¥a¥a¥a¥aVa¥aYa¥s
a¥a%a%a%aVaVaVa",

H(¢) = Ho(t) + UH;p (1)
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2

—> CALCULATE ALL THE FEYNIMAN DIAGRAMS UP TO A GIVEN (LARGE) ORDER

n
* PROBLEM #1: There are n! diagrams. F(U) = EﬂU
n

 PROBLEM #2 How to calculate n dimensional integrals

* PROBLEM #3 How to reconstruct F(U) from the F_ .

23
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THE N! DIAGRAMS

0.00 05 1.0 15 20
w/T

(« old » data, using diagrammatic Monte-Carlo)

26

Pirsa: 23060034 Page 26/45



KELDYSH FURNIALISNI IN A NUTSHELL

(O(t)) = (U (H)OU(t))
U(t) =T exp (— /0 Hint(u)du)

001 = (1:00) o (4 [ o)
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WICK DETERMINANTS

+++++ . . |P| + + + + +
<CI CICZ CZC3 C3C4 C4CS CS > = E ( 1) <Cl CP(l) ><CZ CP(Z) ><C3 cP(3) ><C4 CP(4) ><CS CP(S) >
P

W
SE vy,

as S S

= o, ity
2.9, .5
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+++++ . - |P| + + + + +
<Cl CICZ CZC3 C3C4 C4CS CS> i 2( 1) <C1 CP(1)><02 CP(2)><CB CP(3)><€4CP(4)><€5 CP(5)>
P

+ + + + + +
<c1 Geie (616 (c)ie, 6 cs> = det <cl. cj>
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Known non-interacting funct|ons.
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THE N DIMENSIONAL INTEGRAL

1D 20 30

- The dimensionality curse,
L4 points.

Q) =) QnU"

Qn:/dvl...dvn Qn(vl,...,,vn).

The standard approach: Metropolis Monte-Carlo.
= Intrinsic very slow convergence N2 (as opposed to 1/N*>or even exponential in 1D)
> We do not build any knowledge of f(u)

-> The infamous sign problem. S
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MACHINE LEARNING THE INTEGRAND

What if the integrand factorized?

Qn(v1,--- ) & My(v1) -+ - My (vy,)

Then the integration would be trivial

o ([ anttton) - ([ douita (o)

- A job for Tensor Cross Interpolation

33
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BENCHMARKING THE RESULTS
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BENCHMARKING THE RESULTS

_H == !ﬁmho_‘no_

35
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INTEGRATION IS A COSTLESS POST PROCESSING STEP

1.44 —— sSimplex
1.2 4|~ Fourier

==: QOMC
direct

1.0 1
0.8
0.6 1
0.4 1
0.2
0.0

1051

QnlQgee

0 5 10 15 20 36
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THIS IS MORE THAN INTERPOLATION

T T T T T
i i | | |
i
g “ B
il R e B g <
S 5 i dision T=
[= s ] '
- = o \ |
O | i
] |
W e SRl e raealt ! L N
] |
] |
] |
i H | i
b ne s 2 oy Iy S SO e« | O
T I f T —
| i i
I I ]
I I |
I I |
I I |
e fommmemcpome e e -
" W |
I I |
i I |
| | i
L e e e B - ©
W W |
I I |
I I ] )
W W i i
B e Al e _—l llllll n_— IIIIIIIIIIIIIIIIIIII - 4
i i
] | 1
| I [
| ] [
| I [
 Ietembemin i _—l llllll ..— IIIIIII I ¢ el oy - N
i i | i
I | I |
I I I ]
I ] | |
Bt  FE e ._— ||||||| " ||||||| ) fr iy - O
I I | ] | |
T i —rerrT T i
o - ~ m < 'al o
o | | | I I |
— o o o o o o
— — —~ — — ~
0T
_._” == mﬁ_me\oHQ_

37

Page 37/45

Pirsa: 23060034



RECONSTRUCTRING F(U) FROM F,

/ T
I -
Ty (U) =
J k() 1 - 8,ReZR(U,w)|_

=0

FU)= E FU" L
n o 0-6 B
e
5 ~ 0.4F Reconstructed
Exgct
0.2 F :
Truncated sum :
0.0 prevesrees b eoogeono: B . . -
0 5 10 15 20 25

(Monte-Carlo data)
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SOME EQUILIBRIUM BENCHMARKS

10 F e U/~ 0 1.0 .:-.- ..... U/T=0
i — sr=pom i £R - £RY
i |— ame SR e et
e4/T' =0 il |=-=- NRG cg/T'=1 e
~ Al =0 = U/l'=6 1 ¢ -- nNRG
L'. 05 o L‘l: 05 i . i

o 1 1 L ) L
E10 =5 0 5 10 =10 -5 0 5 10

(Monte-Carlo data) 39
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AND BACK TO NON-EQUILIBRIUM

0.25
== UJ/T = 4+c0
<+ U/T =175
0.20 1 + U/T =35
<+ U/T =525
<+ U/T =6.0
0.15 1
0.10 1
0.05 -
- (low discrepancy
T e e e, sequence integratic
eq/U data
40
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Data with the new tensor train technique
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Data with the new tensor train technique
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Data with the new tensor train technique
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Data with the new tensor train technique

o g
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=13 -10 =3 0 5 10

Nature Physics 5, 208 (2009) it
Caution: fresh from the oven)
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* In principle, tensor cross-interpolation can be used (tried) wherever Monte-Carlo
has been.

> that’s a lot of things to explore (imaginary time, quantum field approaches,
classical problems...) = Got started on hybridization expansion arXiv:2303.11199

* It can also be used for other problems (quantics/superfast FFT, learning an
experiment, ising models) arXiv:2303.11819

 We do not know yet how far we will be able to go with our tensor train
diagrammatic approach

= Hubbard models, DMFT, 0.7 anomaly, few qubits and their baths

* QOpen source sofware « xfac » coming up (with a better TCI algorithm).

¢ PEPS..
PHYSICAL REVIEW LETTERS 125, 047702 (2020) https://arxiv.org/abs/2207.06135

PHYSICAL REVIEW X 9, 041008 (2019) Phys. Rev. X 12, 041018 (2022).
PHYSICAL REVIEW B 100, 125129 (2019) ’

PHYSICAL REVIEW B 91, 245154 (2015) | am hiring! (postdOCS/PhD) 45
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