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Earth Movers Distance

Cost to transform one jet into another = Energy * distance

0: .
EMD(E,E') =min Y fi— + :
( ) {féj} %: J R

S-S E
i J

fi>0, > f;<Ey, > f;<E}, Y fij= Eumn,
J i ij

Defines a metric space in which
jets or collider events form a
geometric manifold.

Taken from https://energyflow.network/docs/emd/, Eric Metediov, Patrick Komiske Ill, Jesse Thaler



https://energyflow.network/docs/emd/

Visualizing Top Quark Evolution
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Quantifying Dimensionality

: : : : 0
Correlation Dimension: dim(Q) = Q® In ;;@(EMD(Ei,Sj) < Q)

Nneighbors('r) ~ Tdim

l
0

dlIIl(T) ~ r—In Nneighbors (T)

or

dim=2 dim=0

(eventually 0)

[Grassberger, Procaccia, PRL 1983; Kégl, NIPS 2002]
Jesse Thaler (MIT) — The Space of Collider Events 31




Hadron-Level Dimension

k‘ Hadronization

*.  Showering

Increasing complexity: multi-body phase space
perturbative emissions

non-perturbative dynamics

Jesse Thaler (MIT) — The Space of Collider Events

Correlation Dimension
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EMD: Intrinsic Dimension
PYTHIA 8.235, /s = 14 TeV
R = 1.0, pr € [500, 550] GeV
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[Komiske, Metodiev, |DT, 1902.02346]

34







The Variational Autoencoder

1
Loss = ‘lxout —xinlz/Zﬁ,Z — ‘Zig(l T logo-iz o 'uiz - Jiz),
Y |

Reconstruction error KL(g(z|x)] [p(z)) ~ “Information cost”




Loss = —(log(p(x|2)) + Dk (q(z]x)||P(2))

Loss = —(log(exp(—d(x, p(2))%/2B))) + Dy, (a(z|)|[P(2))

1
Loss = [Xout —xin|2/2,[>)’2 —\Zig(l + logaf — uf - Uiz)’

\
| |

Reconstruction error KL(g(z|x)|[p(z)) ~ “Information cost”



The Variational Autoencoder:

Information and the loss function

Latent Space

Encoder . Decoder
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Precise encoding in latent space is penalized by KL term but favoured for reconstruction

1
Loss = |Xgyr — Xin|?/2B% — Zig(l + 10801'2 — .Uiz — Uiz)



The Variational Autoencoder:
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Precise encoding in latent space is penalized by KL term
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The Variational Autoencoder:

Information and the loss function

)

Latent Space

Encoder

Precise encoding in latent space is favoured for reconstruction

W 1
Loss = |Xgur — Xin|?/2B% — Zig(l + 108Ui2 — .Uiz — Uiz)



The Variational Autoencoder:

Information and the loss function

Latent Space

Encoder

(D~—

Decoder

O

L
»

Imprecise encoding in latent space is favoured by KL term but penalized by reconstruction

1
Loss = | Xy — Xin|%/2B% — Zig(l + IOgUiZ — .Uiz — Uiz)



The Variational Autoencoder:

Information and the loss function

Info precisely encoded in latent space No info encoded in latent space




The Variational Autoencoder:

Information and the loss function

1
Loss = |Xgyur — Xinl|?/ 2% —Zig(l + logo? — ui — of)

The encoder will only encode information about the input to the extent that its usefulness for
reconstruction is sufficient to justify the cost.

The same dimension as the distance metric, e.g. GeV.

The stochasticity of the latent sampling will smear the reconstruction at scale ~ 8






Jet VAE
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1-100 particles

50 particles

Y
Sinkhorn distance = EMD
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Exploring the Learnt Representation:
W Jets

Uncentered W Jets Centered W Jets
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Exploring the Learnt Representation:
W Jets

Uncentered W Jets Centered W Jets
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Exploring the Learnt Representation:

W Jets
Uncentered W Jets
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Dimensionality 5 (Cev

10° 10° 10? 10?
12 ..Iil \ R | " gl L g aaal
|
‘ —— Dy, uncentered
D — legN 10_ ‘""--.-* . o D d
cCorr — dloo r X 9, uncentere
5 - ——— Dy, centered
o
B
z
D, = — ﬁ ~ d log 0; Variation of information é
1= d logﬁ o : d ]og ﬁ with scale. -
L
2
_ d{|Ax|?)

Vaariation of resolution with
d B2 scale (think (r?) = D o2 for
D-dimensional Gaussian).

D, =

| am still trying to work out formally the meaning of these expressions, but they

See also
have an air of truthiness about them and empirically give sensible results. 1810.00597 Danilo Jimenez Rezende, Fabio Viola



Dimensionality
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Dimensionality

Von Mises Distribution
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Mixed Samples

Top and light g/q

Decoder learns:
1. Ifzg > 0, then itis a light jet and ignore the substructure information in zy, z,, etc.
2. Ifzy < 0, thenitis atop jet, and get three-prong substructure from z4, z,, etc.
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Mixed Samples

Top and light g/q

[1808.08979] T. Heimel, G. Kasieczka, T. Plehn,
J. M. Thompson
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Mixed Samples

Top and light g/q
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Mixed samples: Another idea

Continuous

Zi}

Categorical

[1611.01144 Eric Jang, Shixiang Gu, Ben Poole]
|Ax]| 2 [1611.00712 Chris J. Maddison, Andriy Mnih, Yee Whye Teh]




Mixed samples: Another idea




Mixed samples: Another idea
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Mixed samples: Another idea
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The Variational Autoencoder

Bananas

Dense o




The Variational Autoencoder
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The Variational Autoencoder

Bananas
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The Variational Autoencoder:

Bananas

Latent Space Reconstruction Space

KL ~-In(o)
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The Variational Autoenco
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The Variational Autoencoder:

Bananas

Latent Space Reconstruction Space
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KL ~-In(o)

The Variational Autoencoder:

Bananas

Latent Space Reconstruction Space
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The Variational Autoencoder =

Dimensionality .

AN
DCOTT:dlogT )
, Vaariation of re;‘o/ution v;/ith -
D, = di'f/;‘z' ) L z.
% -

D, = — —d KL ~ w Vqr/ation of information g 05 - : ;Trr' oim. " N
d ]()g IB d ]()g 'B with scale. - D, N

Length Scale
| am still trying to work out formally the meaning of these expressions, but they
have an air of truthiness about them and empirically give sensible results.



The Variational Autoencoder

Orthogonalization and Organization is Information-Efficient

Orthogonalization: VS }Q/

Organization:




Reconstruction Error
Sinkhorn Distance = EMD

® TopJetl @ Top Jet 2 Sinkhorn's algorithm; start with AR;;, pr;, pr;j then:
R :
Kij - eXp(ARij/T)
R/2 Uu; = 1,:
© Vi = 1]
2
< .
3 0 Repeat N times:
E u; = pri/(K.v);
S _ T
< Vi _pT]/(K U)]
—R/24 -
. Return Tl] = ul-Kl-jvj
. EMD: 125.4 GeV
~R R/ 0 R/2 R

Rapidity y
arXiv:1902.02346



The Variational Autoencoder:

Dimensionality
(|ax]%) = X(|Ax;|?) = Dp? + Xiop S7

d(|Ax]|?
, _ dflax?
dp?

. dL T
Settlngg = 0 implies:
1. p=§p

dKL

ionality
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The Variational Autoencoder

Doesn’t suffer from curse of dimensionality

Toy data generated from: 10 1

P(X) = [[I;2, Ni(u = 0,0 = D] Nyy (u=0,0 =0.1)

With Ny, = 5 * 10° points

Typical distance to neighbour ~ Nt_oi/lo ~ 0.3

Dimgnsionality

Correlation dimension runs into sparsity limit
small dimension is even discovered!

ore the
_

10-2 107!
Length Scale

The VAE finds the small dimension.



The Plain Autoencoder
Garbage

My old plan:

 Train AE on jet images using different latent space sizes N
e Study reconstruction quality as a function of N
e .. learnsomething about ‘jet information’?

Flaws: .

1) Jet images are garbage
2) Autoencoders are garbage




“Jet Images are Garbage”

(a) (b)

All three of these jet images are maximally different from
eachother according to summed pixel intensity difference, but (a)
and (b) are more physically similar than are (b) and (c).




Future Directions
1. What is the point?

2. Alternative latent priors?

3. Alternative metrics?



The Variational Autoencoder

ML Engineer:

“A VAE is a fancy AE with requlated stochastic latent space
sampling”

Bayesian statistician:

“A VAE is a probability model trained to extremize the
Evidence Lower BOund on the posterior distribution p(x)”




The Variational Autoencoder:
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