
Dualities in and from Machine Learning

Sven Krippendorf 
Corfu, Recent Developments in Strings and Gravity

September 12th 2019

�1



Current ML applications  
in high energy
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Improving sensitivity
• ML-techniques heavily used in experimental bounds.

• Brief example: Improving sensitivity for ultra-light axion-like particles, 

compared to previous bounds.

• ML algorithms good at classification. Detecting particles is a 

classification problem. Our classifiers: 
 
 
 

• Training: Simulate data with and without axions for appropriate X-ray 
sources


• Bounds: Compare fake & real data performance

• Algorithms (sklearn): decision trees, boosted decision trees, random 

forests, Gaussian Naive Bayes, Gaussian Process classifier, SVM, …

Day, SK 1907.07642

Classifier 0  (no axions) 
1  (axions)

Spectrum

Previous bounds:  
NGC1275: 1605.01043, Other sources:  1704.05256, Athena bounds: 1707.00176 
with: Conlon, Day, Jennings; Berg, Muia, Powell, Rummel



Improving sensitivity
• Data: Chandra X-ray observations of bright point sources 

(AGN, Quasar) in or behind galaxy clusters


• Bounds for ALPs with m<10-12 eV due to absence of 
characteristic spectral modulations caused by 
interconversion between photons and axions in cluster 
background magnetic field
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(AGN, Quasar) in or behind galaxy clusters


• Bounds for ALPs with m<10-12 eV due to absence of 
characteristic spectral modulations caused by 
interconversion between photons and axions in cluster 
background magnetic field Axion-photon conversion

Projected bounds with Athena
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x 10-12 GeV-1 AB
C

DTC GaussianNB QDA RFC Previous

A1367 (resid.) 1.9 - - - - 2.4
A1367 (up-resid.) 2.0 - 1.9 - - 2.4

A1795 Quasar (resid.) - - 1.7 - 1.4 >10.0
A1795 Quasar (up-resid.) - - - - - >10.0

A1795 Sy1 (resid.) 1.0 0.8 1.2 1.1 0.7 1.5
A1795 Sy1 (up-resid.) 1.1 1.1 1.1 1.0 0.8 1.5



ML for the string landscape?



ML for string landscape
• ML good at following tasks:  

a) analysing & simulating large amounts of data 
b) approximating some unknown functional dependence


• Two examples:  
a) large amounts of string vacua (structure too sophisticated for 
ordinary MC) 
 
b) performance tests on topological quantities where formulae are 
known (very flexible fitting algorithm) 

• What can we expect? development of string landscape analysis 
tools, functional approximations to many desired phenomenological 
quantities.

Abel, Rizos; SK, Erbin; Vaudrevange; Altman, Carifio, Halverson, Nelson; 
Halverson, Nelson, Ruehle; Cole, Schachner, Shiu; …

He; Ruehle; Klaewer, Schlechter; Bull, He, Jejjala, Mishra; 
He, Lee; Brodie, Constantin, Deen, Lukas; …



… more in Fabian’s talk



Other avenues?

!8



– Gary Shiu

“Don’t ask what ML can do for you, 
ask what you can do for ML.” 
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Physics ⋂ ML



Physics ⋂ ML



Physics ⋂ ML



Dualities

Betzler, SK: 190x.xxxxx
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Why are dualities exciting?
• Multiple EFTs with different DOF describing the same 

system.


• Present in many dynamical systems: condensed matter 
physics, AdS/CFT, string dualities 


• Allow us to describe dynamics of strongly coupled systems 
via dual weakly coupled descriptions


• Allow us to get EFT-operators at higher accuracy than 
normally allowed (theory: large number of diagrams, 
experiment: large amount of data). Think about Yukawa 
couplings in heterotic standard embedding


• …
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system.
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experiment: large amount of data). Think about Yukawa 
couplings in heterotic standard embedding


• …



Dualities - Outline

• How are dualities useful in practice?


• What’s special about dual representations?


• Ways to learn/enforce duality 
transformation via neural networks



How are dualities useful in practice? 
aka connecting physics questions to data questions



Dualities: Practical Use
• (Deep) Neural networks transform data into different representations 

(if no coarse graining takes place). For instance, these 
representations can be used for more efficient classification.


• Finding good data representations is hard and often out of the 
realm of current optimisation strategies.


• Example: Discrete Fourier Transformation (DFT) 
 
 
 
 
 
 
 

pk =
n

∑
j=1

xj e−2πijk/nxk =
1
n

n

∑
j=1

pj e2πijk/n



DFT: data question
• Let’s confront this with a data question: Is there a signal in 

the noise? 
 
 
 
 
 
 
 

• Let’s check the performance on simple networks
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DFT: simple network
• Supervised learning task (binary classification): 

 
 

• Network 
 
 
 
 
 

{((xR, xI), y)} {((pR, pI), y)}
N discrete values

y = 0y = 1 noise + signal noise

Layer Shape Parameters
Conv1D (2000,2) 4

Activation (2000,2) -
Dense 1 4001

Activation 1 -

For this network 
classification works in 
momentum space, 
but not in position space.
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Utilising dual representation
• Goal: improve performance on position space.


• Deeper network? Can do the job in principle 
[DFT can be implemented with a single dense layer]


• However finding it dynamically is `impossible’ with standard 
optimisers, initialisations, and regularisers. 
 
 
 
 
 

Layer Shape Parameters
Dense (2000,2) 16000000

Conv1D (2000,2) 4
Activation (2000,2) -

Dense 1 4001
Activation 1 -

DFT Random 
starting point
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DFT from modified loss
• Adapt loss function to achieve feature separation, i.e. separating 

the two classes of data (inspired by triplet loss) 
[towards generating dual representations dynamically] 
 
 
 
 
 
 

• Note: different data question (signal injected in position and 
momentum space) can lead to multiple minima in the loss 
landscape, i.e. using momentum space and position space.

!19

1503.03832

Loss = |ynoise |2 − |ysignal |
2 + α

Loss = max {0, β − ∑ |w |2 }
DFT

Assist  finding DFT 
with modified loss

Separation

Decorrelation via weight regularisation

+∑
i≠j

max{0,(wi ⋅ wj)}
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DFT from feature separation
• The final result is a simple network with few parameters 

utilising `dual’ representation.  (First layer in 
deeper network)

Fourier

Network Rep.

Input sample:
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“Therefore we can see that the dualities we have been dealing with for 
antisymmetric tensors are only particular cases of Fourier transforms and 
finding the dual action reduces to finding Fourier transforms. “

Dualities and Fourier transformation

• Review on dualities and global symmetries (Quevedo: hep-
th/9706210), several dualities can be seen as Fourier 
transformation: 
 
 

• For instance duality between massive antisymmetric 
tensors. 
 
 
 

S = ∫ dDx (F(∂Hh) + G(Hh)) S̃ = ∫ dDx (F̃(B̃d−h) + G̃(∂B̃d−h))

Z = ∫ 𝒟B̃d−h𝒟Hh e ∫ dDx(H⋅dB̃d−h+G(Hh)+F̃(B̃d−h))

B̃d−h Hh

eF̃ ↔ eF
FT
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Dualities and Fourier transformation

“Therefore we can see that the dualities we have been dealing with for 
antisymmetric tensors are only particular cases of Fourier transforms and 
finding the dual action reduces to finding Fourier transforms. “

• Fourier transformation ~ Duality transformation 
 
 
 

• Here: network adapts dual representation by demanding 
feature separation.


• Can we use this? 
 
 

!22

Normal 
rep Dual rep Classification

Neural 
Network

Neural 
Network



Let’s look for Physics examples  
aim: identify what’s special about dual representation
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2D Ising Model
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DualOriginal

Duality in 2D Ising model
• High - low temperature self-duality

H = − J∑
⟨i, j⟩

sisj

Z = ∑ e−βH(s)

β̃ = −
1
2

log tanh ββ =
1

kBT

H = − J∑
⟨i, j⟩

σiσj

Z = ∑ e−β̃H(σ)

Tcritical

Ordered rep. ↔ Disordered rep.

Krammers, Wannier 1941; Onsager 1943; review: Savit 1980!25



DualOriginal

Duality in 2D Ising model
• High - low temperature self-duality

H = − J∑
⟨i, j⟩

sisj

Z = ∑ e−βH(s)

β̃ = −
1
2

log tanh ββ =
1

kBT

H = − J∑
⟨i, j⟩

σiσj

Z = ∑ e−β̃H(σ)

Tcritical

Ordered rep. ↔ Disordered rep.

Position space? Momentum space?

Krammers, Wannier 1941; Onsager 1943; review: Savit 1980!25



Which data problem?
• Some correlation function which is easier evaluated on 

dual variables. 

• Can we classify the temperature for low-temperature 
configurations? Which temperature is a sample drawn 
from (at low temperatures)?

⟨σiσj⟩, ⟨E(σ)⟩, ⟨M(σ)⟩

They look rather similar. How 
about in the dual rep.?
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Duality

Data question on Ising
• But at the dual temperatures, our data takes a different 

shape: 
 
 
 
 
 
 

• It is easier to classify temperature of a low-temperature 
configuration in the dual representation …


• How come? P(s) =
eE/T

Z
, P(σ) =

eẼ/T̃

Z
ΔT ≪ ΔT̃⟨ΔE⟩ ≪ ⟨ΔẼ⟩
!27



Data question on Ising
• Let’s look at the overlap of energy distributions in finite 

size samples

!28

Energy

PEnergy

Energy

PEnergy

Original variables: Dual variables:

What’s this overlap 

Original Variables Dual Variables

Temperature Temperature



Ising: simple network
• Let’s confirm this at simple networks:

Original data: <83% val. acc. 

Dual data: ~96% val. acc.

Side remark: way outperforming standard sklearn classifiers

Original Dual

T=1.25 
T=1.00
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How do we utilise this data 
representation? 

Need duality transformation

!30



Enforcing dual representation

DFT

Assist  finding DFT 
with modified loss

Original Different rep.

Original

Simple Taskfixed



Enforcing dual representation
• Observation: deep networks do not 

find these good representation by 
themselves

• Which ingredient is missing on the 
neural network side?

• Work around when task which is 
accessible in both frames

• Step 1: Find better representation

DFT

Assist  finding DFT 
with modified loss

Original Different rep.

Original

Simple Taskfixed



Enforcing dual representation
• Observation: deep networks do not 

find these good representation by 
themselves

• Which ingredient is missing on the 
neural network side?

• Work around when task which is 
accessible in both frames

• Step 1: Find better representation

DFT

Assist  finding DFT 
with modified loss

Original Different rep.

Original

Simple Task

Autoencoder

fixed



Enforcing dual representation
• Observation: deep networks do not 

find these good representation by 
themselves

• Which ingredient is missing on the 
neural network side?

• Work around when task which is 
accessible in both frames

• Step 1: Find better representation
• Step 2: Use this representation on 

previously inaccessible task 
 
 

DFT

Assist  finding DFT 
with modified loss

Original Different rep.

Sophisticated Task



Example: 1D Ising model
• Multi-spin interaction model (careful about boundary): 

 

              �       � 


• Simple task: Energy classification (linear in dual representation)

• Hard task: Identify metastable configurations (multiple calculations 

of �  necessary)


• Strategy from previous page shows improvement on performance: 
         Normal frame (dense 1024): 92% 
         Dual frame (dense 64): 99% 
         Autoencoder [64, 18] representation (dense 64): 98%


• Learned representation performs well on dual weights but is not 
dual representation (we found a different island).

H = ∑ sisi+1…si+n Hdual = ∑ σi

σi
- - - - - - - - - - + + - - + - + -



2D Ising: finding duality 
transformation

• In analogy to DFT, we want to go to dual representation. 
 
 

• Which loss (different samples but no 1-1 map from simple 
MC simulations)?


• Here: KL-divergence (or categorical-crossentropy) between 
NN distribution and dual temperature distribution; based on 
pEi (sparse samples) 
 

      �  

a “sophisticated” anchor point

DKL(P(E( f(si, β))) | |P(E(σi, β))) = ∑
j

P(Ej( f(si, β))log (
P(Ej( f(si, β)))

P(Ej(σi, β̃)) )

Input: 
s-configuration

NN dual: 
𝜎-configuration

!33



Feature separation in Ising
• Which neural network architecture? Several architectures, 

so far most promising: U-Net (1505.04597)
s-configuration σ-configuration

MaxPooling

Conv.

UpSampling

UNet
Pix2Pix

!34

Matching dual energy distribution



Conclusions
• Dualities tightly connected to data representations.

• Finding good data representations is at the heart of ML and 

often `good' representations are not found.

• `Good’ representations can be enforced when known to exist.

• This enables classification for previously `inaccessible’ tasks. 

(1D Ising metastable configurations)

• Interesting representations can be found from feature separation 

(e.g. DFT)

• Interesting aspect: reduced complexity of networks

• Dualities in Physics motivate multiple minima in a different 

landscape, those of the cost functions of neural networks.

• Lots of different kinds of dualities in Physics as playground for 

efficient neural network architectures.



Thank you!





Neural Networks
• Layout of neural nets: 

 
 
 
 
 
 
 

• Cost function depending on parameters of network 

• Parameters of network updated using gradient descent

. . .

. . .

Input
Output

Hidden layers

Weights

yi = activation (wijxj + bi)
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Input:
Output:

{✓A} = {wij , bk}
<latexit sha1_base64="Qwb9gPBMTS1UI6A4LY0eYZfssqU=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovgQkoigm6EqhuXFewDmhAm00k7dvJg5kYpITs3/oobF4q49Rfc+TdO2yy0euDC4Zx7ufcePxFcgWV9GaW5+YXFpfJyZWV1bX3D3NxqqTiVlDVpLGLZ8YligkesCRwE6ySSkdAXrO0PL8d++45JxePoBkYJc0PSj3jAKQEteeaukzkwYEC8cyfHZ9jJ7r2M3+aH2PeGTu6ZVatmTYD/ErsgVVSg4ZmfTi+macgioIIo1bWtBNyMSOBUsLzipIolhA5Jn3U1jUjIlJtN/sjxvlZ6OIilrgjwRP05kZFQqVHo686QwEDNemPxP6+bQnDqZjxKUmARnS4KUoEhxuNQcI9LRkGMNCFUcn0rpgMiCQUdXUWHYM++/Je0jmq2VbOvj6v1iyKOMtpBe+gA2egE1dEVaqAmougBPaEX9Go8Gs/Gm/E+bS0Zxcw2+gXj4xs1/Zjf</latexit><latexit sha1_base64="Qwb9gPBMTS1UI6A4LY0eYZfssqU=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovgQkoigm6EqhuXFewDmhAm00k7dvJg5kYpITs3/oobF4q49Rfc+TdO2yy0euDC4Zx7ufcePxFcgWV9GaW5+YXFpfJyZWV1bX3D3NxqqTiVlDVpLGLZ8YligkesCRwE6ySSkdAXrO0PL8d++45JxePoBkYJc0PSj3jAKQEteeaukzkwYEC8cyfHZ9jJ7r2M3+aH2PeGTu6ZVatmTYD/ErsgVVSg4ZmfTi+macgioIIo1bWtBNyMSOBUsLzipIolhA5Jn3U1jUjIlJtN/sjxvlZ6OIilrgjwRP05kZFQqVHo686QwEDNemPxP6+bQnDqZjxKUmARnS4KUoEhxuNQcI9LRkGMNCFUcn0rpgMiCQUdXUWHYM++/Je0jmq2VbOvj6v1iyKOMtpBe+gA2egE1dEVaqAmougBPaEX9Go8Gs/Gm/E+bS0Zxcw2+gXj4xs1/Zjf</latexit><latexit sha1_base64="Qwb9gPBMTS1UI6A4LY0eYZfssqU=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovgQkoigm6EqhuXFewDmhAm00k7dvJg5kYpITs3/oobF4q49Rfc+TdO2yy0euDC4Zx7ufcePxFcgWV9GaW5+YXFpfJyZWV1bX3D3NxqqTiVlDVpLGLZ8YligkesCRwE6ySSkdAXrO0PL8d++45JxePoBkYJc0PSj3jAKQEteeaukzkwYEC8cyfHZ9jJ7r2M3+aH2PeGTu6ZVatmTYD/ErsgVVSg4ZmfTi+macgioIIo1bWtBNyMSOBUsLzipIolhA5Jn3U1jUjIlJtN/sjxvlZ6OIilrgjwRP05kZFQqVHo686QwEDNemPxP6+bQnDqZjxKUmARnS4KUoEhxuNQcI9LRkGMNCFUcn0rpgMiCQUdXUWHYM++/Je0jmq2VbOvj6v1iyKOMtpBe+gA2egE1dEVaqAmougBPaEX9Go8Gs/Gm/E+bS0Zxcw2+gXj4xs1/Zjf</latexit><latexit sha1_base64="Qwb9gPBMTS1UI6A4LY0eYZfssqU=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovgQkoigm6EqhuXFewDmhAm00k7dvJg5kYpITs3/oobF4q49Rfc+TdO2yy0euDC4Zx7ufcePxFcgWV9GaW5+YXFpfJyZWV1bX3D3NxqqTiVlDVpLGLZ8YligkesCRwE6ySSkdAXrO0PL8d++45JxePoBkYJc0PSj3jAKQEteeaukzkwYEC8cyfHZ9jJ7r2M3+aH2PeGTu6ZVatmTYD/ErsgVVSg4ZmfTi+macgioIIo1bWtBNyMSOBUsLzipIolhA5Jn3U1jUjIlJtN/sjxvlZ6OIilrgjwRP05kZFQqVHo686QwEDNemPxP6+bQnDqZjxKUmARnS4KUoEhxuNQcI9LRkGMNCFUcn0rpgMiCQUdXUWHYM++/Je0jmq2VbOvj6v1iyKOMtpBe+gA2egE1dEVaqAmougBPaEX9Go8Gs/Gm/E+bS0Zxcw2+gXj4xs1/Zjf</latexit>

Parameters of network:

cost(✓A) =
X

training set

|ydesired � ypredicted(✓A)|
<latexit sha1_base64="vBNI2e0tsdLSr0ioIglaaijYtqs="></latexit><latexit sha1_base64="vBNI2e0tsdLSr0ioIglaaijYtqs="></latexit><latexit sha1_base64="vBNI2e0tsdLSr0ioIglaaijYtqs="></latexit><latexit sha1_base64="vBNI2e0tsdLSr0ioIglaaijYtqs="></latexit>

✓A ! ✓A � ⌘ rAcost(✓A)
<latexit sha1_base64="Dqkmg4HtXYleum2AoErgJIvkV0w=">AAACInicbZDLSgMxFIYzXmu9VV26CRahLiwzIqi7qhuXFewFOkPJpJk2NJMZkjNCGeqruPFV3LhQ1JXgw5jpBbT1h8CX/5xDcn4/FlyDbX9ZC4tLyyurubX8+sbm1nZhZ7euo0RRVqORiFTTJ5oJLlkNOAjWjBUjoS9Yw+9fZ/XGPVOaR/IOBjHzQtKVPOCUgLHahQsXegxI+9KFCE8ZH2PXwIMriS+ye+qqENNIw7A07TlqF4p22R4Jz4MzgSKaqNoufLidiCYhk0AF0brl2DF4KVHAqWDDvJtoFhPaJ13WMihJyLSXjlYc4kPjdHAQKXMk4JH7eyIlodaD0DedIYGenq1l5n+1VgLBuZdyGSfAJB0/FCQCmziyvHCHK0ZBDAwQqrj5K6Y9oggFk2rehODMrjwP9ZOyY5ed29Ni5WoSRw7towNUQg46QxV0g6qohih6RM/oFb1ZT9aL9W59jlsXrMnMHvoj6/sHNwKjcg==</latexit><latexit sha1_base64="Dqkmg4HtXYleum2AoErgJIvkV0w=">AAACInicbZDLSgMxFIYzXmu9VV26CRahLiwzIqi7qhuXFewFOkPJpJk2NJMZkjNCGeqruPFV3LhQ1JXgw5jpBbT1h8CX/5xDcn4/FlyDbX9ZC4tLyyurubX8+sbm1nZhZ7euo0RRVqORiFTTJ5oJLlkNOAjWjBUjoS9Yw+9fZ/XGPVOaR/IOBjHzQtKVPOCUgLHahQsXegxI+9KFCE8ZH2PXwIMriS+ye+qqENNIw7A07TlqF4p22R4Jz4MzgSKaqNoufLidiCYhk0AF0brl2DF4KVHAqWDDvJtoFhPaJ13WMihJyLSXjlYc4kPjdHAQKXMk4JH7eyIlodaD0DedIYGenq1l5n+1VgLBuZdyGSfAJB0/FCQCmziyvHCHK0ZBDAwQqrj5K6Y9oggFk2rehODMrjwP9ZOyY5ed29Ni5WoSRw7towNUQg46QxV0g6qohih6RM/oFb1ZT9aL9W59jlsXrMnMHvoj6/sHNwKjcg==</latexit><latexit sha1_base64="Dqkmg4HtXYleum2AoErgJIvkV0w=">AAACInicbZDLSgMxFIYzXmu9VV26CRahLiwzIqi7qhuXFewFOkPJpJk2NJMZkjNCGeqruPFV3LhQ1JXgw5jpBbT1h8CX/5xDcn4/FlyDbX9ZC4tLyyurubX8+sbm1nZhZ7euo0RRVqORiFTTJ5oJLlkNOAjWjBUjoS9Yw+9fZ/XGPVOaR/IOBjHzQtKVPOCUgLHahQsXegxI+9KFCE8ZH2PXwIMriS+ye+qqENNIw7A07TlqF4p22R4Jz4MzgSKaqNoufLidiCYhk0AF0brl2DF4KVHAqWDDvJtoFhPaJ13WMihJyLSXjlYc4kPjdHAQKXMk4JH7eyIlodaD0DedIYGenq1l5n+1VgLBuZdyGSfAJB0/FCQCmziyvHCHK0ZBDAwQqrj5K6Y9oggFk2rehODMrjwP9ZOyY5ed29Ni5WoSRw7towNUQg46QxV0g6qohih6RM/oFb1ZT9aL9W59jlsXrMnMHvoj6/sHNwKjcg==</latexit><latexit sha1_base64="Dqkmg4HtXYleum2AoErgJIvkV0w=">AAACInicbZDLSgMxFIYzXmu9VV26CRahLiwzIqi7qhuXFewFOkPJpJk2NJMZkjNCGeqruPFV3LhQ1JXgw5jpBbT1h8CX/5xDcn4/FlyDbX9ZC4tLyyurubX8+sbm1nZhZ7euo0RRVqORiFTTJ5oJLlkNOAjWjBUjoS9Yw+9fZ/XGPVOaR/IOBjHzQtKVPOCUgLHahQsXegxI+9KFCE8ZH2PXwIMriS+ye+qqENNIw7A07TlqF4p22R4Jz4MzgSKaqNoufLidiCYhk0AF0brl2DF4KVHAqWDDvJtoFhPaJ13WMihJyLSXjlYc4kPjdHAQKXMk4JH7eyIlodaD0DedIYGenq1l5n+1VgLBuZdyGSfAJB0/FCQCmziyvHCHK0ZBDAwQqrj5K6Y9oggFk2rehODMrjwP9ZOyY5ed29Ni5WoSRw7towNUQg46QxV0g6qohih6RM/oFb1ZT9aL9W59jlsXrMnMHvoj6/sHNwKjcg==</latexit>
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Improving physics searches with ML
• ML is heavily used in particle physics (since decades) and ML 

techniques are used to improve bounds on our favourite BSM 
models 
 
 
 
 
 

• Similarly in astrophysics (Hoyle: 1504.07255) for distance 
measurements of galaxies


➡Bottom line: feed the entire data, rather than preprocessed 
human-designed features


• Let’s see how this works with limits on light axion-like particles
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 65David Handl | string_data Workshop | 27th March 2018 

The HiggsML challenge

The winner performed an algorithm using 

the average of 70 DNNs with 35 inputs, 3 

hidden layers of 600 nodes each, and 2 

outputs 

This is a classifier with more than 70 million 

fitted parameters! 

Another award was given to the team that 

submitted a model potentially most useful 

to the collaboration 

The winners’ software framework is 

commonly known as XGBoost 

Center for Data Science

Paris-Saclay

the HiggsML challenge
May to September 2014

When High Energy Physics meets Machine Learning

Joerg Stelzer - Atlas-CERN
Marc Schoenauer - INRIA

Balázs Kégl - Appstat-LAL
Cécile Germain - TAO-LRI

David Rousseau - Atlas-LAL
Glen Cowan - Atlas-RHUL

Isabelle Guyon - Chalearn
Claire Adam-Bourdarios - Atlas-LAL

Thorsten Wengler - Atlas-CERN  
Andreas Hoecker - Atlas-CERN 

Organization committee Advisory committee

info to participate and compete : https://www.kaggle.com/c/higgs-boson
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Searching for supersymmetry with ML techniques

 63David Handl | string_data Workshop | 27th March 2018 

• After likelihood fit no 

significant excesses are 

observed compared to SM 

expectation 

• Exclusion limits are derived for 

model of top squark pair 

production 

• Large improvement of the 

expected limit using BDT 

compared to the previous 

analysis

arxiv:1711.11520

Atlas: 1711.11520



Constraining ALPs
• Photon-axion interconversion in background magnetic fields: 

• One interesting parameter region can be obtained for 
photons from sources in and behind galaxy cluster magnetic 
fields. 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Standard bounds
• Spectral distortions (but unknown where & strength as 

dependent on magnetic field)

• Poisson noise vs. signal

• Essentially: fluctuations larger than noise

• Human-made: Fourier bounds no real improvement
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NGC1275: 1605.01043

Other sources:  1704.05256

Athena bounds: 1707.00176

with: Conlon, Day, Jennings; 
Berg, Muia, Powell, Rummel


