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Overview

• Review of basic machine learning concepts

• Boosted Decision Trees in detail

‣ and why I think they are awesome

• Neural networks

• Future opportunities and challenges
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What is “Machine Learning”?
• We used to call it “multivariate analysis”

• The media often call it “artificial intelligence” or A.I.
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Artificial Intelligence

Machine learning

uses statistical inference to extract generalities from “training” 
data 
→ “learns” from the training data 
→ when exposed to new data, demonstrates behaviours that 
have not been explicitly programmed



Supervised learning

Most physics analyses



Unsupervised learning

Cluster-finding (calorimeter and inner tracker)



Reinforcement learning

No current
use in physics

(to my 
knowledge)



Types of ML algorithm  7



Objective function

• All machine learning algorithms are attempting to minimise an 
objective function:
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J(Θ) = L(Θ) + Ω(Θ)
Loss function: 
how far away from the target?

Regularisation: 
how complex is the model?

L(Θ) = L(θ0, θ1, . . . , θn) =
1

2m

m

∑
i=1

(h(x(i)) − y(i))2

Model parameters: 
these are what we 

change during training

{

Model

TargetTraining  
data

Mean squared error



Method of Steepest Descent (a.k.a. Gradient Descent)

e.g. Minuit…



How supervised machine learning works

•Assume there is some data generating process that we wish to 
understand and/or whose behaviour we wish to be able to 
predict
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var 1 var 2 … var M
1 # # … #
2 # # … #
3 # # … #
4 # # … #
5 # # … #
6 # # … #
7 # # … #
… … … … …
N # # … #

PREPROCESSING

also… data preparation…
tabulation… feature extraction…

• Assume also that we are able to somehow label some of 
the data being produced…



Labelling examples  11
CLASSIFICATION REGRESSION

“A”

“V”

“Signal”

“Background”

NOK 8 600 000

NOK 15 200 000

R1

R2



How supervised machine learning works  12
• Suppose that we collect and (somehow) label a batch of data 

from the generating process
var 1 var 2 … var M LABEL

1 # # … # #
2 # # … # #
3 # # … # #
4 # # … # #
5 # # … # #
6 # # … # #
7 # # … # #
… … … … … …
N # # … # #

• Let us split this sample into three pieces

Training 
sample

Validation 
sample

Evaluation 
sample



How supervised machine learning works  13

var 1 var 2 … var M LABEL
# # … # #
# # … # #
# # … # #
# # … # #
# # … # #
# # … # #
# # … # #
… … … … …
# # … # #

TRAINING

ALGORITHM

Hyperparameters



How supervised machine learning works  14

var 1 var 2 … var M
# # … #
# # … #
# # … #
# # … #
# # … #
# # … #
# # … #
… … … …
# # … #

TRAINED 
ALGORITHM

PREDICTION
#
#
#
#
#
#
#
…
#

VALIDATION

LABEL
#
#
#
#
#
#
#
…
#

Comparison between the prediction 
and labels allows a determination of 

the algorithm performance

Hyperparameters can be adjusted and
the training repeated



How supervised machine learning works  15
HYPERPARAMETER TUNING

Train Validate

Adjust

Training 
sample

Validation 
sample

Shuffle (cross validation)



How supervised machine learning works  16

var 1 var 2 … var M
# # … #
# # … #
# # … #
# # … #
# # … #
# # … #
# # … #
… … … …
# # … #

TRAINED 
ALGORITHM

PREDICTION
#
#
#
#
#
#
#
…
#

PERFORMANCE EVALUATION

LABEL
#
#
#
#
#
#
#
…
#

No further adjustments permitted without fresh training data.
The performance as evaluated in this step is assumed

to be the working performance of the algorithm



How supervised machine learning works  17

TRAINED 
ALGORITHM

PREDICTION
#
#
#
#
#
#
#
…
#

DEPLOYMENT

var 1 var 2 … var M
1 # # … #
2 # # … #
3 # # … #
4 # # … #
5 # # … #
6 # # … #
7 # # … #
… … … … …
X # # … #

The predictions are now
used for practical purposes

New unlabelled data



Projection to a single variable  18

TRAINED 
ALGORITHM

PREDICTION
#
#
#
#
#
#
#
…
#

var 1 var 2 … var M
1 # # … #
2 # # … #
3 # # … #
4 # # … #
5 # # … #
6 # # … #
7 # # … #
… … … … …
X # # … #

M variables 1 variable

f(x1, x2, . . . , xM) = y

The algorithm learns how to project M variables into a single variable



variable 1

variable 2

Background MC

Signal MC

Physics analysis: “rectangular cuts”



variable 1

variable 2

Data

Physics analysis: “rectangular cuts”



Physics analysis: multi-variate (ML)
variable 1

variable 2

Boundary defined by a 
machine learning algorithm



Physics analysis: multi-variate (ML)
variable 1

variable 2

New ML  
variable

2D→1D transformation



variable 1

variable 2

Data

Physics analysis: multi-variate (ML)



Performance evaluation: Receiver-Operator Curve  24

© Wikipedia



Deep Networks
Results
Lo+hi = lo.

Conclude:
DN can find
    hi-level vars.

Hi-level vars
  do not have all info
  are unnecessary

14

No better 
than random

Perfect

Somewhere  
between



Overfitting and bias vs variance  26

Underfitted:
model is too simple

(high bias, low variance)

Overfitted:
model is too complex

(low bias, high variance)

Appropriate

J(Θ) = L(Θ) + Ω(Θ) Regularisation is the means of avoiding
overtraining: imposes a penalty for complexity



Overfitting and bias vs variance  27
Error

Number of cycles

Validation dataset

Training dataset
STOP

OverfittingUnderfitting



Exemplary achievements of multivariate techniques in HEP  28

Top quark mass measurement  
@ Tevatron Shallow NNs, BDTs  

Single top quark discovery @ Tevatron Shallow NNs, BDTs  

Higgs discovery (H→γγ) @ CMS BDT

Observation of H→bb @ ATLAS, CMS BDT

Observation of Bs→μμ @ ATLAS, CMS, LHCb BDT

Observation of associated Higgs and top 
quark pair production (“ttH”) @ ATLAS, CMS BDT (XGBoost @ ATLAS)

Jet flavour tagging Boosted decision trees (BDT), shallow neural 
networks (NN), recurrent NN



Software commonly used in HEP  29

Package Description Data structure ROOT integration? Download from…

TMVA ML framework + 
algorithms ROOT TTrees Yes Ships with ROOT 

(root.cern)

SciKitLearn ML framework + 
algorithms

NumPy arrays /  
Pandas dataframe Via pyROOT http://scikit-learn.org 

or via Anaconda

Keras
Wrapper for NNs -  

TensorFlow and 
Theano

NumPy arrays & 
Pandas dataframe Via pyROOT https://keras.io 

or via Anaconda

• The frameworks offer tools for making performance plots, organising data, cross validation etc. 

‣ They have built-in algs but these may not be the best for a given task - be prepared to plug in 
external applications from outside our community

• Divide between the ROOT and Python ecosystems becomes less important as Python-driven 
ROOT becomes more advanced

‣ Uproot: convert ROOT files to Pandas dataframes without a ROOT installation

• If you are using the Python ecosystem, use Anaconda rather than installing each package 
independently

• Data structures are a fascinating topic by themselves - in particular our use of “ragged arrays” is 
bizarrely rare in the wider world. See (e.g.) this talk at CHEP2018

http://scikit-learn.org
https://anaconda.org
https://keras.io
https://github.com/scikit-hep/uproot
https://anaconda.org
https://indico.cern.ch/event/587955/contributions/2937525/attachments/1678398/2695563/pivarski-chep-columnardata.pdf


Inter-experiment Machine Learning group (IML)

• 3rd annual meeting: agenda

• Wide variety of topics reflecting the growing interest in machine learning 
in our field

• A few particular highlights (my choice)

‣ Conceptual overview of ML in HEP (S. Gleyzer)

‣ Statistical and information theory foundation of deep learning (N. 
Tishby)

‣ Future directions for HEP (K. Cranmer)

‣ Handling uncertainties with adversarial training (P. Galler)

‣ Decoding physics information from deep NNs (T. Cheng)

‣ Tracking machine learning challenge (D. Rousseau)

‣ Containers and machine learning (M. Feickert)
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https://indico.cern.ch/event/766872/timetable/?view=standard
https://indico.cern.ch/event/766872/contributions/3287976/attachments/1829679/2996003/IML_2019.pptx
https://indico.cern.ch/event/766872/contributions/3287979/attachments/1786564/2996581/CERN_1_-_2019_-Tishby.pdf
https://indico.cern.ch/event/766872/contributions/3287977/attachments/1829748/2996121/IML-3rd-future-ML-physics.pdf
https://indico.cern.ch/event/766872/contributions/3357996/attachments/1830371/2997436/galler_ML_Uncertainties.pdf
https://indico.cern.ch/event/766872/contributions/3357983/attachments/1830469/2997614/go
https://indico.cern.ch/event/766872/contributions/3358006/attachments/1830866/2998319/tr190416_davidRousseau_IML_TrackML_final.pdf
https://indico.cern.ch/event/766872/contributions/3357988/attachments/1830344/2997851/Feickert_HEPML_containers_2019-04-16.pdf


Open data portal

• For those of us in an experiment there is no shortage of data and 
simulation to play with

• But getting it into a reasonable shape can be a lot of work

• Those who are not members of a big experiment may struggle to get 
enough data to try out their new ideas

• Solution: Open Data Portal - http://opendata.cern.ch

‣ More than 1 PB of data and simulation for the general public to 
explore

‣ Ideal for educational purposes as well!

• Examples in this talk prepared with the HiggsML challenge dataset:

‣ http://opendata.cern.ch/record/328

‣ Jupyter notebooks (prepared jointly with Eirik Gramstad for training 
new students in Oslo) - specifically BDT tutorial
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http://opendata.cern.ch
http://opendata.cern.ch/record/328
https://github.com/eirikgr/OsloML
https://github.com/eirikgr/OsloML/blob/master/BDT_tutorial.ipynb


Boosted Decision Trees



Decision trees  33

Consider some labelled multi-variate 
data in two categories, signal and 

background

To build a decision tree:

var 1 var 2 … var M LABEL
1 # # … # S
2 # # … # S
3 # # … # B
4 # # … # B
5 # # … # B
6 # # … # S
7 # # … # B
… … … … … …
N # # … # B

1 Cut the data using the variable that best separates the signal from background

var 17 LABEL
1 # S
2 # S
3 # B
4 # B
5 # B
6 # S
7 # B
… … …
N # B

var17 > X

var17 < X

S S S S S B
S S S S S B
S S S S B B
S S S S B B
S S S S B B

B B B B B S
B B B B B S
B B B B B S
B B B B S S
B B B B S S



Decision trees  34

var10 > Y

var10 < Y

S S S S S B
S S S S S B
S S S S B B
S S S S B B
S S S S B B

B B B B B S
B B B B B S
B B B B B S
B B B B S S
B B B B S S

2 Repeat with the two separated portions of data

var3 > Z

var3 < Z

S S S S
S S S S
S S S S
S S S S
S S S B

S B
B B
B B
B B
B B

B B B S
B B B S
B B B B
B B B B
B B B B

S B
S S
S S
S S
S S

3 Continue until the separation between S and B reaches
the required level



Decision trees  35
4 Use the trained tree (= cuts set) to separate unlabelled data

var 1 var 2 … var M
1 # # … #
2 # # … #
3 # # … #
4 # # … #
… … … … …
N # # … #

var17 > X var17 < X

var 1 var 2 … var M
… # # … #

… # # … #
… # # … #

var 1 var 2 … var M
… # # … #

… # # … #
… # # … #

var10 > Y var10 < Y var3 > Z var3 < Z



Decision trees

• Advantages

‣ Variable scaling/normalisation not required

‣ Very straightforward to use (and explain)

‣ Can directly visualise how the training has proceeded (“transparent 
box”)

‣ Able to handle numerical and categorical variables,  multi-classes and 
run classification/regression without much change to the algorithm

• Disadvantages

‣ Susceptible to learn from random fluctuations (over-training)

‣ Unstable and fragile: small variations in the training data can lead to 
completely different trees being formed 

‣ Unbalanced classes may lead to skewed trees

 36



© SciKitLearn



Boosting

• Boosting is based on the concept that an ensemble of 
weak learners can be statistically combined to produce 
much stronger predictions

‣ Weak = only slightly better than 50:50 guess

‣ Not restricted to decision trees

• Enables us to preserve many of the advantages of 
decision trees whilst avoiding some of their pitfalls

• Many different ways of boosting - we’ll look at two that 
are heavily used in HEP

‣ Adaptive boosting - AdaBoost

‣ Gradient boosting - XGBoost
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Boosting
• In all cases we seek an ensemble of trees T that minimises the value of some 

objective function on the training data, with each new tree trying to correct the 
mistakes of its predecessors

 39

T(x) =
M

∑
i=1

αihi(x)

T0(x) = 0

Ensemble

Tm(x) = Tm−1(x) + arg min
hm∈H

n

∑
i=1

J (yi, Tm−1(xi) + hm(xi))

Weights

Sum over trees

Trees

Updated 
ensemble

Current 
 tree

First tree

Add the tree hm from the total space of trees H that minimises the objective J 
The means by which the new tree is added distinguishes the different boosting methods

Sum over events



Adaptive boosting (AdaBoost)  40

x = {w1x1, . . . , wNxN}; y = {y1, . . . , yN}
Weighted data Target

y ∈ {−1,1}

{w1,1 . . . , wN,1} = {
1
N

, . . . ,
1
N

} Initial event weights

Basic idea: when building the ensemble of decision trees,
previously misclassified events are upweighted for

the next tree   



AdaBoost  41
Let us build an ensemble T of M decision trees:
For m in 1,…, M: 

hm(x) mth tree built as per recipe on previous slides

ϵm = (
n

∑
i=0

w(m)
i : hm(xi) ≠ yi)/

n

∑
i=0

w(m)
i

Error: sum of weights for 
misclassified events / total

Append the mth tree to the ensemble:

T(x) = T(x) + αmhm(x) where αm =
1
2

ln ( 1 − ϵm

ϵm )

T is used to evaluate new data

Update the weights:

wi,m+1 = wi,me−yiαmhm(xi)
Observe that wrongly classified

events are upweighted
and correctly classified events are

downweighted



α: contribution per tree  42

No better than guessing 
→ zero contribution

+ve contribution increases
with decreasing error rate αm =

1
2

ln ( 1 − ϵm

ϵm )

-ve contribution increases
with increasing error rate



Weight update  43

wi,m+1 = wi,me−yiαmhm(xi)

Wrongly classified events

Correctly classified events

Tree m mostly wrong Tree m useless Tree m mostly right



Gradient boosting: basic idea

• Once a BDT has reached perfection:

• These residuals are the negative gradients w.r.t. T(x) of 
the objective function → fit each new h to the current 
residuals

• Equivalent to gradient descent on the loss function

 44

Tm+1(x) = Tm(x) + h(x) = y

such that h(x) = y − Tm(x)



Gradient boosting: algorithm  45
For m in 1,…, M: 

ri,m = − [ ∂J(yi, Tm−1(xi))
∂Tm−1(xi) ] for i = 0,...,n Gradients

Train hm using ri,m as the event weights 

Find: 

γm = arg min
γ

n

∑
i=1

J (yi, Tm−1(xi) + γhm(xi))
Update T: 

Tm(x) = Tm−1(x) + γmhm(x)

Trained BDT: TM



Typical BDT hyperparameters

• Total number of decision trees in the ensemble

‣ Usually in the low 100s

• Maximum depth of the individual decision trees

‣ Usually around 3-6, can even be 1 (e.g. one partition per cycle) 

• Learning rate (if less than 1, shrinks the contribution of each new classifier)

‣ Means of regularisation - avoiding over-fitting

• Minimum number of events in a leaf (e.g. threshold at which a split is made)

‣ Often no minimum, e.g. it is 1

• Criterion by which nodes are split

• Objective function

• Evaluation method

 46

Interesting side-note: not so common to hear discussion of these
hyperparameters in physics analyses - does everyone just

use the defaults?



XGBoost

• Extreme Gradient Boosting - documentation

• Implementation of gradient boosted decision trees

• Well-known for winning the HiggsML challenge

• Versions exist for Python (incl. Anaconda), R, C++ and TMVA (via the 
R interface)

• Key features

‣ Heavily optimised, leading to fast performance

‣ Built-in support for multi-threaded training and distributed training

‣ Automated handling of missing variables (very useful, e.g. jet pT 
when there are no jets…)

‣ Feature importance analysis and tree visualisation
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https://xgboost.readthedocs.io/en/latest/index.html


Linear discriminant: linearly separable clusters  48

Linear discriminant
(Fisher)

No need for anything fancy



Linear discriminant: concentric circles  49

Linear discriminant
(Fisher)

L.D. doesn’t work at all 
as expected



BDT on concentric circles  50

1 tree, depth=2

50 trees, depth=2

(Note: single tree with
depth 6 can achieve

the same without boosting)



XGBoost demo: HiggsML

• http://opendata.cern.ch/record/328

• Signal: H→ττ; background: Z→ττ, ttbar, W→leptons

• 818238 events available in total

• Out of the box test (no hyperparameter tuning)

• Download dataset (CSV) from the OpenData portal

• Use all available variables

• In the Jupyter notebook advertised earlier

‣ Use Pandas to digest the CSV

‣ Split into NumPy arrays: 100K training events and 100K evaluation 
events (each with half signal, half data)

‣ Train XGBoost, with the following hyperparameters:

• 120 trees, max depth = 6, learning rate = 0.3

 51

http://opendata.cern.ch/record/328
https://github.com/eirikgr/OsloML/blob/master/BDT_tutorial.ipynb




XGBoost demo: HiggsML  53



Variable importance

• The more often a variable is used to split the data, the more 
important (discriminating) it is

• Enables creation of plots like this:

 54

Note that BDTs aren’t perturbed by under-utilised variables - they just don’t use them to cut the data



Performance - training time (on my 4 core laptop)  55
Tr

ai
ni

ng
 t

im
e,

 s
ec

on
ds

0

55

110

165

220

Number of threads

1 thread 2 threads 4 threads 16 threads

SKL XGBoost



Remarks on BDTs

• Most analyses use the TMVA BDT, but should also try XGBoost

‣ SKL BDTs seem to be less optimised than either

• Do we need to spend more time optimising the hyperparameters?

• In particular 

‣ those related to the internals of the trees rather than the boosting, 
e.g. leaf splitting criteria and means of evaluation

‣ objective function

• Not clear that there is any benefit to using shallow neural networks 
over BDTs

• BDTs are highly performant (especially XGBoost), intuitive, robust 
(especially against missing variables), require modest computing power, 
and are well suited to physics analysis where the data is labelled

 56



Neural networks



Artificial neural networks
• First conceived of in the 1940s-1950s, inspired by research into biological neural 

processes

• Key developments: 

‣ Perceptron (1958)

‣ Back-propagation (1975)

• Initial development was slow due to limited computing power and insufficient 
training data; many machine learning researchers lost interest and focused on 
other techniques such as support vector machines and linear methods

• In the past 15 years several factors combined to completely change the situation

‣ Growth of the internet and smart phones = massively more training data and 
network capacity

‣ Huge increase in computing power and memory

‣ New ideas from the academic community, spread via open source software

• This led to the astonishing capabilities of deep learning that we see today

 58



The perceptron model  59

INPUTS

-1

x1

x2

xn

WEIGHTS

w0

w1

w2

wn

ACTIVATION

OUTPUT

SUM

Σ f(Σ)

LINEAR MODEL



The perceptron model: how it learns  60
x = {x1, . . . , xM}; y = {y1, . . . , yM} Training data
M events with N variables

At each step t: evaluate for each event j:

yj(t) = f [w0(t) + w1(t)xj,1 + w2(t)xj,2 + . . . + wN(t)xj,N]
For each variable i from 1 to N, update the weights: 

wi(t + 1) = wi(t) + r ⋅ (yj − yj(t)) xj,i

Learning rate

Continue until 
1
M

M

∑
j=0

|yj − yj(t) |
reaches some appropriate 

level, or the number of steps t 
exceeds some value



Multi-layer perceptrons  61

Input

Hidden

Output

Shallow

Deep

NON-LINEAR MODEL



Back propagation

• The perceptron learning mechanism doesn’t extend to multiple layers

• Instead back propagation is used to update the weights (which may number 
millions in a very deep network)

• Basic idea: 

‣ Pass each event through the network (feed forward) arriving at a result

‣ Compare with the target using some loss function, arriving at some error

‣ Propagate this error backwards through the network, node by node and layer 
by layer, until each neuron has its own contribution to the overall error

‣ Use these errors to calculate the partial derivatives of the loss function w.r.t. 
the weight at each neuron (gradients), by applying the chain rule for 
derivatives

‣ Use gradient descent to minimise the loss, which it does by updating the 
weights

‣ New examples are then passed through the trained network (fixed weights) 
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Choreography of back-propagation

• An epoch is a single pass through all of the training data

‣ Training over 100 epochs means the networks sees the 
training data, in full, 100 times

• In stochastic training each new event leads to a weight 
update → noisier so less likely to fall into local minima 
during minimization

• In batch training weights are only updated after a large 
number of events have been fed forwards, with the errors 
accumulating → faster 

• Mini-batch training is a compromise between the two, with 
small batches being selected at random from the full 
sample

 63



Deep learning  64

Accuracy

Volume of 
data

Deep

Shallow

• Deep neural 
networks have a 
much larger 
parameter space and, 
given enough training 
data, can model more 
complex behaviour 
than a shallow 
network or a BDT

• Deep neural 
networks are 
inherently suited to 
vectorisation and co-
processors → allow 
use of GPUs or 
dedicated hardware

Deep learning allows us to extract
the maximum possible value from

large datasets



Deep Networks
Results
Lo+hi = lo.

Conclude:
DN can find
    hi-level vars.

Hi-level vars
  do not have all info
  are unnecessary

14Amir Farbin

Does better without 
our help…

Can we gain physics insights
by decoding the DNN?

“Learning from the learning”?



Two particular deep learning challenges

• Vanishing gradient problem

‣ With so many nodes the gradients can tend 
to zero leading to a breakdown in the training

‣ Partly solved by use of rectifier activation 
functions, e.g. ReLU, rather than sigmoid or 
tanh (etc)

‣ Use of sign of the gradients only, etc

• Overtraining

‣ Very easy for deep NNs to train on random 
fluctuations due to their high capacity

‣ Solving this has required many innovations in 
regularisation for neural networks

• Dropout, weight decay, early stopping, data 
augmentation, momentum…  

 66



Recurrent neural networks
• Different architecture with loops in the structure

‣ The loops allow information to persist

‣ Each additional input adds a new variant of the network to a chain (directed graph)

‣ This allows processing of time varying sequences of information: breaks the mould 
that there must be a fixed size vector for all inputs and outputs - obvious use 
cases include

• Natural language processing, machine translation, speech and music recognition

• In our field - flavour tagging with the time varying sequence being the tracks 
in a jet 

 67

Suvro Banerjee



Flavour tagging with recurrent neural networks

• First steps: ATL-PHYS-PUB-2017-003

‣ https://cds.cern.ch/record/2255226
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Figure 2: A schematic diagram of the RNN-based flavor-tagger, showing input features, network structure, and the
4-class output of {pb, pc, plight, p⌧ }. In trainng track sequences are truncated after a maximum of 15 tracks, while in
application all tracks are considered.

is fixed at fc = 0.07, which is chosen based on the tt̄ training sample6. Given that ⌧ discriminants
typically combine calorimeter and vertex information [39, 40], any meaningful comparisons with existing
⌧ reconstruction algorithms are beyond the scope of this note. For consistency with existing b-tagging
algorithms7 the f⌧ parameter is therefore set to f⌧ = 0, e�ectively ignoring p⌧ .

Background rejection versus signal e�ciency curves are produced by scanning a minimum threshold on
DRNN and computing background rejection and signal e�ciency at each threshold. These curves can
be found in Figure 3, for a background of light jets and a background of c-jets separately. The RNN
outperforms IP3D, which is promising given the similar input variables, and given that neither of these
algorithms relies on reconstructing a secondary vertex. For a b-tagging e�ciency of 70% the RNN has
2.5 times the light-jet rejection and 1.2 times the c-jet rejection of IP3D. To illustrate the complementarity
between IP-based and vertex-based algorithms, the secondary vertex reconstruction algorithm SV1 and
the high-level algorithm MV2c10 are also shown. The limitations of secondary vertex reconstruction are
clearly illustrated by the maximum e�ciency of SV1: in roughly 20% of b-jets no secondary vertex can be

6 Small changes to this fraction were observed to have little e�ect on the discriminant performance
7 Jets labeled as ⌧ jets are removed from the SV1, IP3D, and MV2c10 training.

7

Output 
classes

Per-track
inputs

https://cds.cern.ch/record/2255226


Flavour tagging with recurrent neural networks

• Promising results

‣ RNN outperforms traditional taggers

‣ Orange line is for a vertexing-based tagger which is unable to tag the 
~20% of events that do not have a vertex
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reconstructed. Although not pictured, JetFitter su�ers from a similar maximum e�ciency. Despite their
limited e�ciency, however, the vertex-based algorithms clearly complement the IP-based algorithms as
illustrated by the superior performance of MV2c10, which combines JetFitter, SV1, and IP3D in a BDT.
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Figure 3: The light-jet (left) and c-jet (right) rejection versus b-tagging e�ciency for jets with pT > 20 GeV and
|⌘ | < 2.5. The statistical error on the curve is less than 3%. MV2c10 is a high level BDT tagger which integrates
IP3D outputs outputs with additional vertex information from JetFitter and SV1.

To factorize the gains from the recurrent network from those provided by the additional variables, Figure 4
compares the performance of an RNN trained on only the IP3D inputs to one which uses the additional
�R(track, jet) and pfrac

T inputs. A network using exactly the same inputs as IP3D improves light-jet
rejection by a factor of 1.7 and c-jet rejection by a factor 1.05, even in the absence of any additional
variables.

bεb-jet efficiency, 
0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

lε
lig

ht
-je

t r
ej

ec
tio

n,
 1

/

1

10

210

310
R)Δ Frac, 

T
, category, p

z0
, S

d0
RNNIP(S

 Frac)
T

, category, p
z0

, S
d0

RNNIP(S

, category)
z0

, S
d0

RNNIP(S

IP3D

ATLAS Simulation Preliminary
t=13 TeV, ts

|<2.5η>20 GeV, |
T

p

bεb-jet efficiency, 
0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

cε
c-

je
t r

ej
ec

tio
n,

 1
/

1

10

R)Δ Frac, 
T

, category, p
z0

, S
d0

RNNIP(S

 Frac)
T

, category, p
z0

, S
d0

RNNIP(S

, category)
z0

, S
d0

RNNIP(S

IP3D

ATLAS Simulation Preliminary
t=13 TeV, ts

|<2.5η>20 GeV, |
T

p

Figure 4: The light-jet (left) and c-jet (right) rejection versus b-tagging e�ciency for jets with pT > 20 GeV
and |⌘ | < 2.5, for RNNs trained using various sets of input variables, and for IP3D. The RNN without pfrac

T and
�R(track, jet) uses only the inputs available to IP3D.

In order to understand how the tagging performance depends on jet kinematics, the b-tagging e�ciency
versus jet pT is shown in Figure 5. To isolate the e�ect of a changing b-tagging e�ciency from that of
the changing light-jet and c-jet rejection rejection, a flat-e�ciency 70% WP is examined. In this case, all
taggers have a 70% e�ciency across pT, and only the rejection is varying. The light- and c-jet rejection
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DEEP LEARNING

DEEP LEARNING APPROACH

▸ Adversarial model 

▸ Generator network learns to generate 
images the model can generate 

▸ Discriminator tries to distinguish 

▸ When it cannot anymore, generator network 
is as good as your model 

▸ Can the model generate images that are 
identical to real data? 

▸ Which generator from which model can do 
this better / easier: compare models with 
each other

19

GENERATOR 
NETWORK

SIMULATION 
(GENERATE 

IMAGES FROM 
MODEL(S))

DISCRIMINATOR 
NETWORK

Adversarial training

• Idea: two networks working in opposition to 
one another, with one trying to identify the 
mistakes of the other

‣ optimal solution reached when the 
opponents are in equilibrium

• Usually discussed as a means of doing ultra-fast 
simulation (generative-adversarial networks)

‣ Generative network trying to generate new 
events from some template dataset, with the 
opponent trying to distinguish the new 
events from those in the template datasets

• But also shown to have potential as a means of 
reducing the impact of systematics on physics 
results by decorrelating nuisance parameters
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Example of decorrelation using adversarial training

• arXiv:1703.03507v1 (Whiteson, Goul, Søgaard)

• Aims to build a neural network jet substructure tagger for 
discriminating boosted decay signals while remaining largely 
uncorrelated with the jet mass 

 71

be optimized like any other.
The classifier network in this experiment consisted

of eleven input features, three fully-connected hid-
den layers each with 300 nodes having hyperbolic
tangent activation functions, and a single logistic
output node with the binomial cross-entropy clas-
sification objective. The adversarial network con-
sisted of a single input, 50 nodes with hyperbolic
tangent activation functions, and a softmax output
layer with 10 classes corresponding to binned val-
ues of the jet invariant mass (each bin representing
one decile of the background), and the multi-class
cross-entropy classification objective.

Because the adversary is challenged with adapt-
ing to an ever-changing input as the classifier is
trained, and also because its task is relatively easy,
two strategies were used to train the adversary faster
than the classifier. First, the adversary was given
a head start at the beginning of training with 100
updates while the classifier was fixed. Second, the
adversary was trained with a larger learning rate of
1.0 compared to 10�3 for the tagger objective.

The data set used for experiments was divided into
training (80%), validation (10%, used for hyperpa-
rameter tuning), and testing (10%) subsets. Each
classifier input feature was log-scaled if the empirical
skew estimate was greater than 1.0, then standard-
ized to zero mean and unit variance. Model param-
eters were initialized from a scaled normal distribu-
tion [27].

Training was performed using stochastic gradient
descent, applied to mini-batches of 100 examples
from each class. During training, the event weights
were scaled so that the average weight for each class
was 1.0. However, in the adversarial loss function
Ladversary, the signal events were given zero weight,
rendering them invisible to the adversary.

Updates were made using a training momentum
term of 0.5; the learning rate decayed by a factor of
10�5 after each update. Training was stopped after
100 epochs, where an epoch was defined as a single
pass through the background samples (⇡ 400k train-
ing events). Models were implemented inKeras [28]
and Theano [29], and hyperparameters were opti-
mized on a cluster of Nvidia Titan Black processors.

IV. PERFORMANCE

We compare the discrimination power of five can-
didate classifiers: the NN trained without an ad-
versary, the adversarially-trained NN, the unmodi-
fied ⌧21, and the two DDT-modified variables ⌧ 021,
and ⌧ 0021. The performance can be characterized by

... ...X
fc(X)

fa(fc(X))

Lclassification Ladversary

Classifier Adversary

FIG. 3. Architecture of the neural networks in the ad-
versarial training strategy. The classifying network dis-
tinguishes signal from background using the eleven vari-
ables (X) described in the text. The adversarial network
attempts to predict the invariant mass using only the
output of the classifier, fc(X); note that the adversary
has multiple binary classification outputs, correspond-
ing to bins in jet invariant mass, rather than a single
regression output.

measuring the signal e�ciency and background re-
jection of various thresholds on these discriminators
(Fig. 4).

The variable ⌧ 021, which is modified to reduce cor-
relation with the mass, results in a modest decrease
in its classification power relative to the unmodified
⌧21 at mZ0 = 100 GeV, though note that these ef-
fects are mass-dependent for both ⌧ 021 and ⌧ 0021. Sim-
ilarly, the adversarial network does not match the
discrimination power of the traditional classification
network, due to the additional constraint imposed in
its optimization. However, both NNs are clearly able
to take advantage of the combined power of the sub-
structure variables, and o↵er a large improvement
in background rejection for similar signal e�ciencies
compared to classification based on ⌧21 alone.

The focus of this study, however, is to look be-
yond the pure discriminatory power of these tools
and study their e↵ect on the jet mass spectrum. In
Fig. 5, it can be seen that the adversarial network
output for background events has a profile which
is largely independent of jet mass, while the clas-
sifying network is strongly dependent on jet mass.
Similarly, ⌧ 021 and ⌧ 0021 have a lessened dependence
on jet mass, compared to ⌧21. Figure 6 shows the
e↵ect on the jet mass distribution of successively
stricter requirements on these variables. Note that
the adversarial network’s dependence on jet mass is
diminished, but not eliminated, as can be seen in
the contour plot of Fig. 5. This is a reflection of the
trade-o↵ inherent in balancing classification power
with jet mass dependence.

In Fig. 5, we also show the profile of the neural net-
work output versus jet mass, for various thresholds

4

11 input 
variables

Tries to build
invariant mass
using only the
output of the

classifier



Example of decorrelation using adversarial training  72

on the jet pT, which shows some small pT-dependent
e↵ects, but no large features. As an alternative
strategy, we trained a network using an adversar-
ial strategy with respect to log(m/pT), which more
closely mimics the approach used in Ref. [9]; the
training succeeded in finding a network with a flat
response in log(m/pT), but the distortion in jet mass
was much more significant. In principle, it is possi-
ble to use the adversary to enforce a two-dimensional
decorrelation, but since the pT-dependence is not se-
vere here, we leave this for future study.
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FIG. 4. Signal e�ciency and background rejection
(1/e�ciency) for varying thresholds on the outputs of
several jet-tagging discriminants: traditional networks
trained to optimize classification, networks trained with
an adversarial strategy to optimize classification while
minimizing impact on jet mass, the unmodified ⌧21, and
the two DDT-modified variables ⌧ 0

21, and ⌧ 00
21. The signal

samples have mZ0 = 100 GeV for this example. Gener-
alization to other masses is shown in Sec. VII.

V. STATISTICAL INTERPRETATION

The ability to discriminate jets due the hadronic
decay of a boosted object from those due to a quark
or gluon is an important feature of a jet substruc-
ture tagging tool, but as discussed above it is not the
only requirement. Due to the necessity of accurately
modeling the background, it is desirable that the jet
tagger avoid distortion of the background distribu-
tion. Simpler background shapes are especially pre-
ferred because they allow for robust estimates that
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FIG. 5. Top left, relationship between jet mass and neu-
ral network output in background events for a network
trained to optimize classification compared to an adver-
sarial network trained to optimize classification while
minimizing dependence on jet mass. Top right, rela-
tionship between jet mass and jet substructure variable
⌧21 and the DDT-modified ⌧ 0

21 and ⌧ 00
21 which attempt

to minimize dependence on jet mass. Bottom left, pro-
file of neural network output versus jet mass for the ad-
versarial trained network with varying jet pT thresholds.
Bottom right, contour plot of neural network output ver-
sus jet mass in background events for the adversarially-
trained network. The signal sample used in training has
mZ0 = 100 GeV; generalization to other masses is shown
in Sec. VII.

are constrained by the sidebands; backgrounds that
can be modeled with fewer parameters and inflec-
tions avoid degeneracy with signal features, such as
a peak.

Fig. 5 shows qualitatively that the adversarial net-
work’s response is not strongly dependent on jet
mass. But a quantitative assessment is more dif-
ficult. Mass-independence is not in itself the goal;
instead, we seek reduced dependence on knowledge
of the background shape and reduced sensitivity to
the systematic uncertainties that tend to dilute the
statistical significance of a discovery.

However, our lack of knowledge of the true back-
ground model in general also makes it non-trivial to
rigorously define and estimate the background un-
certainty. In practice, experimentalists use an as-
sumed functional form, with parameters constrained
by background-dominated sidebands to predict the

5

to look like the signal (see Fig. 8), the discovery sig-
nificance is improved. This is as expected; if the
background rate and shape are well known, then the
lack of constraining sidebands is not detrimental.

For the case of the larger background rate un-
certainty, thresholds on ⌧21 provide a smaller boost
to the significance. The large relative uncertainty
on the background will penalize configurations in
which the background is sculpted to resemble the
signal, preventing the data from constraining the
background rate in the sidebands. Thresholds on
⌧ 021 and ⌧ 0021 are slightly stronger, as expected, due to
their decreased correlation with jet mass. Thresh-
olds on the output of the classifier network, which
has the strongest discrimination power, only weak-
ens the discovery significance, due to the background
mass distortion. However, the adversarial network
is still capable of powerful discrimination which im-
proves the discovery power at high signal e�ciency,
around 90%. Table I shows the maximal discovery
significance for each case. The qualitative results
persist for other signal-to-background ratios.
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FIG. 7. Distributions of jet mass after selection with
signal e�ciency of 90% using the NN classifier, the ad-
versarial network, ⌧21 or ⌧ 00

21. Background distributions
are shown with 50% uncertainty.
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FIG. 8. Distributions of jet mass after selection with
signal e�ciency of 50% using the NN classifier, the ad-
versarial network, ⌧21 or ⌧ 00

21. Background distributions
are shown with 50% uncertainty.
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FIG. 9. Statistical significance of a hypothetical signal
for varying thresholds on the outputs of networks trained
to optimize classification compared to adversarial net-
works trained to optimize classification while minimizing
impact on jet mass. Shown are two scenarios, in which
the uncertainty on the background level is negligible or
large, both with Nsig = 100, Nbg = 1000.
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Deep neural networks and GPUs  73
CPU:

general purpose, higher precision;
faster clock speed → power hungry → few

GPU:
optimised for graphics manipulation, lower precision;

slower clock speed → power efficient → many

• Underlying silicon transistor technology is the same

• GPUs are optimised for graphics manipulation

‣ simple low precision calculations carried out 
repeatedly over a very large data space (e.g. the 
pixels on a screen) → massive parallelism

‣ they do not work well with branchy, 
interdependent code requiring high precision (e.g. 
HEP software)

‣ perfectly suited to back propagation and 
minimisation for deep learning training

• GPUs are becoming a more important component 
of high performance computers used in research, 
especially in the US



Deep neural networks and GPUs

• Graph-computation tools such as 
Tensorflow are GPU-ready

• Is deep learning the key to unlocking the 
power of accelerators for HEP?

‣ Detector simulation with generative-
adversarial techniques and auto-
encoders

‣ Pattern recognition for tracking

‣ Image techniques for jet 
reconstruction?

• How much of our data processing can 
we sub-contract to deep learning? 

‣ Note that Tensorflow can also be used 
for non-ML computations: possibility 
for event generation?  

• This will be the main question we have 
to address before HL-LHC…
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Convolutional neural networks  77
• Special architecture which explicitly assumes the inputs are images

‣ Massively reduces the number of neurons needed to do image recognition

• Main difference: different layers have different behaviours 

‣ Each layer is “3D”, that is as well as the pixel position there is also a depth 
(colour or level of grey)

‣ Convolution filter slides over small areas of the image to build a “feature 
map”



Figure 5. Example alignments predicted by our model. For every test image above, we retrieve the most compatible test sentence and
visualize the highest-scoring region for each word (before MRF smoothing described in Section 3.1.4) and the associated scores (vTi st).
We hide the alignments of low-scoring words to reduce clutter. We assign each region an arbitrary color.

the BRNN, we observe additional performance improve-
ments. Since the dependency relations were shown to work
better than single words and bigrams [18], this suggests that
the BRNN is taking advantage of contexts longer than two
words. Furthermore, our method does not rely on extracting
a Dependency Tree and instead uses the raw words directly.

MSCOCO results for future comparisons. The
MSCOCO dataset has only recently been released, and we
are not aware of other published ranking results. Therefore,
we report results on a subset of 1,000 images and the full
set of 5,000 test images for future comparisons.

Qualitative. As can be seen from example groundings in
Figure 5, the model discovers interpretable visual-semantic
correspondences, even for small or relatively rare objects
such as “seagulls” and “accordion”. These details would
be missed by models that only reason about full images.

4.2. Evaluation of Generated Descriptions

We have demonstrated that our alignment model produces
state of the art ranking results and qualitative experiments
suggest that the model effectively infers the alignment be-
tween words and image regions. Our task is now to synthe-
size these sentence snippets given new image regions. We
evaluate these predictions with the BLEU [37] score, which
despite multiple problems [15, 23] is still considered to be
the standard metric of evaluation in this setting. The BLEU
score evaluates a candidate sentence by measuring the frac-
tion of n-grams that appear in a set of references.

Our multimodal RNN outperforms retrieval baseline.

We first verify that our multimodal RNN is rich enough to
support sentence generation for full images. In this exper-
iment, we trained the RNN to generate sentences on full
images from Flickr8K, Flickr30K, and MSCOCO datasets.
Then at test time, we use the first four out of five sentences
as references and the fifth one to evaluate human agree-
ment. We also compare to a ranking baseline which uses
the best model from the previous section (Section 4.1) to
annotate each test image with the highest-scoring sentence
from the training set. The quantitative results of this exper-
iment are in Table 2. Note that the RNN model confidently
outperforms the retrieval method. This result is especially
interesting in MSCOCO dataset, since its training set con-
sists of more than 600,000 sentences that cover a large vari-
ety of descriptions. Additionally, compared to the retrieval
baseline which compares each image to all sentences in the
training set, the RNN takes a fraction of a second to evalu-
ate.

Comparison to previous work. Recently, Mao et al. [31]
introduced a multimodal Recurrent Neural Network simi-
lar to ours, but embedded in a more complex and deeper
architecture. We report the results of our simpler model
next to theirs in Table 2. It is important to note that it is
hard to understand the differences between these models
since many details and choices (e.g. exact details of pre-
processing, size of word dictionaries, whether word vectors
are learned, numbers of parameters in each model) influ-
ence both scores, and many of these choices are not care-
fully controlled.

A. Karpathy  
L. Fei-Fei 

IMAGENET: Large Scale Visual 
Recognition Challenge	
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Convolutional  
Deep Neural Networks 

h#p://devblogs.nvidia.com/parallelforall/wp-content/uploads/sites/3/2015/08/image1-624x293.png	



Open questions
• Issues surrounding training:

‣ When is it appropriate to use different training schemes, e.g. n-fold cross validation versus a simple three-way 
split, etc

‣ What is the correct way to deal with very rare backgrounds in the training, where a cross-section corrected 
weighting will give a handful of events only (e.g. triboson and Higgs backgrounds)

• Dealing with unbalanced samples - comparisons of different ML algorithms are often shown based on equally 
sized “signal” and “background” samples, but in real life one usually has much more of the latter than the former. 
How should this be dealt with in the training? Do we need to reconsider the statistics we request for signal 
processes (see the next point)

• Strategy for MC production requests when use of machine learning is planned

• Hyperparameter tuning - what is recommended here? Grid searches, random searches etc?

• Variable selection - what is the best way of choosing which variables to keep and which to drop? One-at-a-time? 
BDT/NN variable importance measures? Studying the variation of the output w.r.t. each variable? Etc. What is 
the role of “really understanding/reproducing” variables in order that they play a decisive/important role? 

• Dealing with variables that are undefined for some events - quite often one will encounter “-999” etc in an n-
tuple for cases where the variables isn’t defined, e.g. “pT of the 5th jet” etc. What should one do with these 
cases? Some machine learning literature advocates replacing them with random noise or the mean of the other 
variables in the column, but this doesn’t seem appropriate for our field. One could transform them to categorical 
variables that are always defined?

• Memory issues - I guess this differs from case to case, but quite often one has a very large dataset that it isn’t 
practical to load into memory at once. Some algorithms are more amenable to training in batches than others 
(easy for neural networks but less obvious for ensemble methods like BDTs). 
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