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SIMULATION-BASED STATISTICAL INFERENCE
In many scientific disciplines (e.g. High Energy Physics), realistic experimental modelling
can only be carried out through forward sampling via complex computer programs.

 

Hence,  cannot be directly evaluated and we have to result to likelihood-free
inference techniques (e.g. ABC) or constructing a non-parametric likelihood of a lower-
dimensional summary statistic  based on the simulation (e.g. histogram or KDE).
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A QUEST FOR POWERFUL SUMMARY STATISTICS

Mixture problems such signal  vs
background  are ubiquitous:

If  is the only unknown parameter (  are
known and fixed). It can be proven that:

is a one-dimensional sufficient summary
statistic, instead of -dimensional as .

This quantity can be approximated from
simulated  and  samples using
probabilistic classification models.

 
However, even if we only care about
inference about , unknown/uncertain 
can become nuisance parameters.

Then  is not sufficient anymore
and inference is greatly degraded. Can
alternative summary statistics  be
built that are still powerful in this case?

We propose INFERNO, an approach for
learning non-linear summary statistics
by directly minimizing an approximation
the expected profiled/marginalised
interval width accounting for the effect of
nuisance parameters.
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3D SYNTHETIC MIXTURE RESULTS → DETAILS AT POSTER
 Inference-Aware Neural Optimisation (INFERNO)
consistenly converges to poweful non-linear summary
statistics.

INFERNO outperforms probabilistic classifers (also
analytic Bayes optimal) for all inference-benchmarks
with nuisance parameters.

4 / 4



Spatial and Time Clustering
of the High-Energy Photons Collected
by the Fermi LAT

Denise Costantin
Center for Astrophysics, University of Guangzhou

Denis Bastieri (University of Padua)

Sara Buson (NASA/Goddard Space Flight Center, USRA)
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Aims & Methodology

• Identify new potential
γ-ray sources,
focusing on HE,
> 10 GeV

• Study the γ-ray
properties of known
HE sources

Data Pass 8Release
Time 29 Oct 2008-11 Jan 2016Acquisition

Energy
[10 GeV − 1TeV ]Range

• Analyse the whole data set (about 7
years) and shorter-time interval

Why? to point out sources that
underwent a flare of short duration

D. Costantin – ASPD Workshop, Padua, September 24, 2018 2 / 4



Clustering

• Photon uncertainty direction (CA95)
• A photon belongs to a cluster:

dist(icenter − jphoton) < CA95i + CA95j

• Test Statistic: TS = −2log(Lmax,0
Lmax,1

) ∼ χ2
n

D. Costantin – ASPD Workshop, Padua, September 24, 2018 3 / 4



Preliminary Results

NAME TIME (days) RA(◦) DEC(◦) TS
B0218+357 2 35.28 35.94 653.78

GRB130427A 30 173.18 27.79 197.87
GRB0909022462 30 264.93 27.34 61.66

Unk 30 159.58 45.16 30.22

D. Costantin – ASPD Workshop, Padua, September 24, 2018 4 / 4



Deep Learning models for the top-pair
production process identification
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Problem and data

Problem:
I Discriminating between top-pair (signal) and QCD-multijet

(background) production processes into the LHC ATLAS experiment
I Developing a classification tool to handle unbalanced data contexts
I Doing it with small physics knowledge about the underlying theory

Data:
I 50.000 obs of collisions detected by the LHC accellerator
I 40 variables, divided into:

F 5 low-level variables measuring characteristics for each of the 6 most
powerful jets generated by each collision (total: 30 vars)

F 10 high-level variables measuring characteristics of the collision

I 1 response variable indicating whether the collision generated a signal
or a background process



Issues

Unbalanced classes of the response variable: 93.5% of background
obs, remaining 6.5% for signal obs. Resampling could be dangerous,
causing overfitting, so we managed to move the threshold properly.

Bias-variance tradeoff: lots of data points allowed us to split into a
training (75%) and a test (25%) set, mantaning the proportion of the
response variabile’s classes unaltered.

Different units of measure on the variables suggested us to
standardize everything.

How to properly measure the classifier(s) goodness? Needed to
specify a set of performance measures to handle unbalanced class
classification problem, which includes AUROC (Area Under the ROC
curve) and AUPR (Area Under the PR curve).

Structure of the dataset suggested us to treat low-level and high-level
variables properly with hierarchical models; indeed, no evidence of
improvement have been found.



Modelling and Results

Modelling:
I Widespread classical classification models e.g. GLM, GAM, Trees,

Random Forest, and MARS: poor results.
I Deep Learning models and feed forward neural networks (FFNN):

F Pros and cons: easy estimation in R with Keras library and
computationally feasible thanks to TensorFlow framework; wide range
of customization on losses, dropout techniques, optimizers, etc. but
totally black-boxed ; no importance-of-features indicators; sub-optimal
parameters tuning instead of grid-search techniques.

Results:
I FFNN with 3 hidden and 2 dropout layers exhibits ~86% of AUROC

and ~44% of AUPR on the test set: quite promising performance
results if compared to all other classification methods.

I Classifier’s threshold has been choosen in order to lower as possible
the rate of incorrect signal classification, which reaches 14%,
allowing for a bigger rate of incorrect background classification (~35%).

I This gets directly forward into the idea of developing a classification
tool which handles unbalaced data contexts and allows to identify
almost-perfectly the signal process generated by particles collisions.

~
~
~


Semisupervised parametric clustering
for new physics searches

G. Kotkowski, L. Finos, G. Menardi, B. Scarpa
University of Padova
September 24, 2018

This report is part of a project that has received
funding from European Union’s Horizon 2020
research and innovation program under grant
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Framework and motivation

Main goal

Search for new physics, not accounted for by the Standard Model

Two processes of interest:

Background - refers to the known physics.
Signal - a deviation from the background, an unknown process
not accounted for in the Standard Model.

Two sources of data

Simulated labelled data X = (xxx ′1, . . . ,xxx
′
n)′, xxx i ∈ Rp

entirely drawn from the background.
Experimental unlabelled data Y = (yyy ′

1, . . . ,yyy
′
m)′, yyy i ∈ Rp

mostly from the background process, possibly from a signal.

Main assumption

Any possible signal would behave as a deviation from
the background process
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Model specification

The reference model

fSB(yyy) = (1− λ)fB(yyy ; θB) + λfS(yyy ; θS),

fB(xxx ; θB(X )) =
K∑

k=1

πkφ(xxx |µµµk ,Σk), fS(yyy ; θS(Y)) =
K+Q∑

q=K+1

πqφ(yyy |µµµq,Σq).

Problems:

1 Exploit the two sources of data in the estimation
2 Reduce inaccuracy of parameter estimates due to the curse of

dimensionality
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Main contribution

1 Two steps estimation via maximum likelihood 1

(i) Background parameters θB(X ) = (πππk ,µµµk ,Σk) estimated by
maximization of

`(θ(X )|X ) =
n∑

i=1

log

[
K∑

k=1

πkφ(xxx i |µµµk ,Σk)

]
.

(ii) Signal parameters λ and θS(Y) = (πππq,µµµq,Σq) estimated by
maximization of

`(θ(Y)|Y, θ̂B(X )) =
m∑
l=1

log

(1− λ)
K∑

k=1

π̂kφ
(
yyy l |µ̂µµk , Σ̂k

)
+ λ

K+Q∑
q=K+1

πqφ
(
yyy l |µµµq,Σq

) .
2 Parameter estimation and simultaneous variable selection via

likelihood penalization 2

`p(θ) = `(θ(Y)|Y, θ̂B(X ))− γ1h1(π,µµµ)− γ2h2(Σ).

1Vatanen et al. (2012) Semi-supervised detection of collective anomalies
with an application in high energy particle physics. IJCNN, 1-8

2Pan, W. and Shen, X. (2007) Penalized model-based clustering with
application to variable selection. JMLR 8(5), 1145-1164. 4 of 4



Ion detection in low-energy nuclear physics Signal processing Neural network models

Particle Discrimination
in Silicon Detector

A Deep Learning Approach

L. Morselli1, A. Raggio1, D. Mengoni1, S. Barlini2, G. Pasquali2

1University of Padova
Department of Physics and Astronomy "Galileo Galilei"

2University of Firenze
Department of Physics and Astronomy

Advanced Statistics for Physics Discovery Padova - September 24/25 - 2018



Ion detection in low-energy nuclear physics Signal processing Neural network models

Ion detection in low-energy nuclear physics
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Particle labelled with E/dE discrimination
method using the energy deposition in the
Fazia silicon telescope

16S, 17Cl, 18Ar selected current signals
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Ion detection in low-energy nuclear physics Signal processing Neural network models

Signal processing

RAW Signal 

Preprocessing

CFD
Signals alignment

Dataset Splitting

75%  Train Set
25%  Validation set

Train Set

Aligned Signals

E/dE Label

Validation Set

PSA predicted 
Label

Trained model 
predicted Label

Training

Comparison with 
E/dE reference Label

Advanced Statistics for Physics Discovery Padova - September 24/25 - 2018



Ion detection in low-energy nuclear physics Signal processing Neural network models

Neural network models

MODEL

Multy-layer perceptron
Convolutional neural network

FURTHER IMPROVEMENTS

Improve hyper-parameters selection.
Unsupervised models.
Training with simulated signals.

Advanced Statistics for Physics Discovery Padova - September 24/25 - 2018



Soft classification tree ensamble of
Higgs pair production

Massimiliano Russo & Bruno Scarpa
russo@stat.unipd.it September, 24–25 2018



Higgs boson pairs

Our goal is to fit a statistical
model to isolate the signal of
Higgs boson pairs decays.

Final state characterised by 4 jets of b-quark, particular decay
channel in which each boson decays into a pair of b-quarks.

Most frequent (∼ 33%) but suffer of large background noise.

Signal is not actually observed and to identify a good model
Monte Carlo simulation are used to create signal events.
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Classification: Problem & Solution

Signal/Background separation can be modeled as a supervised
classification problem.

The task is in learning pr(Yi = 1 | X i ) and it can be accomplished
relying on:

1 Logistic Regression(s)
2 Deep Learning methods
3 Classification (ensemble) trees
4 ...

In 2 BART attracted interest due to their excellent empirical
performance and natural uncertainty quantification.
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Neutrino mass hierarchy problem The statistical analysis using a 2D estimator New approach for the JUNO sensitivity calculation

Workshop for Advanced Statistics for Physics Discovery
September 24-25, 2018

”χ2 as a Bi-Dimensional estimator”

Prof. Luca Stanco (Stanco@pd.infn.it)
INFN, Sezione di Padova, 35131 Padova, Italy

Fatma Helal SAWY (Sawy@pd.infn.it)
Dipartimento di Fisica e Astronomia ”Galileo Galilei”

Padova University, 35131 Padova, Italy
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Neutrino mass hierarchy problem The statistical analysis using a 2D estimator New approach for the JUNO sensitivity calculation

Neutrino mass hierarchy problem

According to the standard 3ν oscillation Model, neutrino (ν) is
able to oscillate between different species. The oscillations are
generated by the interference of very small mass differences.

Pν̄e−→ν̄e = 1− cos4 θ13 sin2 2θ12 sin2(∆21)

− cos2 θ12 sin2 2θ13 sin2(∆31)

− sin2 θ12 sin2 2θ13 sin2(∆32)

With the oscillation phases ∆ij ≡
L∆m2

ij

4Eν
and the ν mixing-angles θij , the

baseline L, the ν energy E , the mass differences ∆m2
ij and i , jε{1, 2, 3}
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Neutrino mass hierarchy problem The statistical analysis using a 2D estimator New approach for the JUNO sensitivity calculation

The statistical analysis using a 2D estimator

NH Sample IH Sample

χ2
min(NH)
vs

χ2
min(IH)
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Neutrino mass hierarchy problem The statistical analysis using a 2D estimator New approach for the JUNO sensitivity calculation

New approach for the JUNO sensitivity calculation

Pval(IH = null hypothesis)weighted = Pval(IH)⊗Weight

=

∫
ΩNH

dx̄

[∫
ΩNH (x̄)

dx̄fIH(x̄) • fNH(x̄)

]

ΩNH ⊥
∫

ΩNH

dx̄fNH(x̄) = C .L.

C.L. = 99.7% is the expected, alternative, hypothesis confidence level.

ΩNH(x̄) � fIH(x̄ ′) 6 fIH(x̄); x̄ ′ ε ΩNH

NH(3%) IH(3%)
µNH 853.5 828
σNH 44 44
µIH 862 867
σIH 43 42
r 0.85 0.85
P-Value(NH) 0.331
nσ(NH) 0.437 σ
P-Value(IH) 0.310
nσ(IH) 0.496 σ



Recent developments in 
deep-learning applied to 

open HEP data
Giles Strong

ASPD,  University of Padova, Italy - 24/09/2018

giles.strong@outlook.com
twitter.com/Giles_C_Strong

Amva4newphysics.wordpress.com
github.com/GilesStrong

mailto:giles.strong@outlook.com
https://twitter.com/Giles_C_Strong
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Scalable inference for network factor
model

Emanuele Aliverti, Massimilano Russo
Università di Padova, Department of Statistical Sciences
{aliverti, russo}@stat.unipd.it

Workshop ASPD 24th − 25th September 2018



Network data

I Network data are central in many fields of application
I Social interactions, genetic expressions and infrastructures....

I Set of V nodes (people, genes...) and edges (relations) connecting
them

I Binary adjacency matrix Auv = 1 if node u and node v are
connected and Auv = 0 otherwise, u = 2, . . .V and v = 1, . . . , u

I We are interested in application where the number of V is huge

2



Latent space model for networks

Bayesian analysis for network data build on latent space representation
(Hoff et al., 2002; Hoff, 2008)

I The probability of a connection between v
and u is a function of their positions in a
latent space. The closer v and u, the
higher their chance of being connected.

I Parsimony. Dimensionality reduction from
V (V − 1)/2 to H × V , with H dimension
of the latent space (Usually 2 or 3 to
favour interpretation)

I Account for network properties:
transitivity, community structures, etc . . .

I Scalability: When V is large, MCMC is
cumbersome

3



Scalable inference for network factor model

Network Factor Model

yuv ∼ Ber(πuv ), logit(πuv ) = α+
H∑
j=1

λjzujzvj

I Gaussian priors for α, (λ1, . . . , λH) and (zu1, . . . zuH) + Polya
Gamma

I Mean Field + Coordinate Ascend Variational Inference (CAVI)

Interested?
Then come and check the poster for simulations and a real-data
application!

4



Averaging via stacking in model-based clustering
Advanced Statistics for Physics Discovery

y Alessandro Casa1

Luca Scrucca2 and Giovanna Menardi1

� Università degli Studi di Padova1

Università degli Studi di Perugia2
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Framework

1/3

Model-based clustering, data come from a finite mixture of K
components (corresponding to the groups):

f(x`Θ) =
K∑
k=1

πkfk(x`θk) ;

Model selection is a crucial step in this framework involving the
choices of:

Number of clusters;
Parametrization of component covariance matrices;
Component densities.

Single best model paradigm
The best model among the fitted ones is chosen, according to

information criteria (e.g. BIC, ICL) and used for subsequent steps.



Problem

2/3

What if discarded models have IC values close to the one of the
selected model?

Example: Iris data
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Model selection-related uncertainty is neglected, possibly useful
models are thrown away.



Proposal

3/3

Idea: average densities of fitted models to improve robustness and
stability of clustering solutions;

Resulting estimate is a convex linear combination of a subset of
fitted models

fav(x) =
M∑
m=1

αmfm(x`Θ̂m) ;

Issues:
Weights
fav(·) is still a mixture model→ αm estimated via EM,
maximizing a BIC-penalized log-likelihood;

Partitions
correspondence components-clusters is lost→ explore
modality of fav(·) via mean-shift algorithm.



An innovative hierarchical method

to cluster networks

Jacopo Diquigiovanni

Bruno Scarpa

Advanced Statistics for Physics Discovery

September 24, 2018



A method:

❖Hierarchical 

❖Agglomerative

❖Two-phase

to group undirected weighted 

networks

What similarity measure?

Preprocessing phase

Similarity between community 

structures of the processed networks



FIRST PHASE

Starting networks 𝑅1, … , 𝑅𝑛

New networks 𝑅1
′ , … , 𝑅𝑛

′

SECOND PHASE

I. Detection of community structures 

𝑐1, … , 𝑐𝑛 by Louvain Method (Blondel et 

al., 2008)

II. Creation of the similarity matrix using the 

Adjusted Rand Index (or ARI, Hubert and 

Arabie, 1985)

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑅𝑖
′, 𝑅𝑗

′ ՚ 𝐴𝑅𝐼(𝑐𝑖 , 𝑐𝑗)

III. Merging phase using the UPGMA 

method  (Sokal and Michener, 1958) 

Normalization

Introduction of a 

threshold



References:

• Blondel, V. D., Guillaume, J.-L., Lambiotte, R., and Lefebvre, E. (2008). Fast unfolding of 

communities in large networks. Journal of statistical mechanics: theory and experiment, 

2008(10), P10008.

• Hubert, L. and Arabie, P. (1985). Comparing partitions. Journal of classification, 2(1), 

193–218.

• Sokal, R. R. and Michener, C. D. (1958). A statistical method for evaluating systematic 

relationship. University of Kansas science bulletin, 38, 1409–1438.

Thank you for your attention



Variational mean field approximations:
general principles and pitfalls

Luca Maestrini 1 and Matt P. Wand 2
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Variational Approximations

Variational approximations are a class of techniques for making
approximate deterministic inference and fitting in complex
statistical models

I Insights from statistical mechanics (Parisi 1988) led to a
flowering of variational inference procedures for a wide class of
models

I Now part of mainstream Computer Science and Machine
Learning methodology, with application in elaborate problems
such as speech recognition, graphical models, document
retrieval or genetic linkage analysis (Jordan, 2004)

I In the Statistics literature, variational approximations are
beginning to have an increasing presence (Ormerod and
Wand, 2010)

L. Maestrini and M. P. Wand Variational Approximations 24/09/2018 1 /3



Variational Approximations

STATISTICS

Lower bound p (y ; q) on the marginal
likelihood p (y), given an
approximating density q:

exp

∫
q (θ) log

{
p (y ,θ)

q (θ)

}
dθ

Idea: approximation of the posterior
density function by a q for which the
lower bound is tractable, e.g.

q (θ) =
M∏
i=1

qi (θi ) ,

for some partition {θ1, . . . ,θM} of the
parameter vector θ

PHYSICS

Approximate the free energy through
variational average energy and entropy
as functions of b (x):

F (b) = U (b)− H (b)

Idea: approximation of the probability
distribution of the system by a b for
which computation of the free energy
is simpler, e.g.

b (x) =
M∏
i=1

bi (xi ) ,

xi single variable of the system state

L. Maestrini and M. P. Wand Variational Approximations 24/09/2018 2 /3



Variational Approximations

I This kind of restrictions produce the so-called mean field
approximations

I A variety of scalable message passing algorithms have been
developed as implementations of this approach

I We analyze principles and pitfalls of mean field
approximations via variational message passing which are
usually neglected outside the statistical literature

References

Jordan, M. I. (2004) Graphical Models. Statistical Science 19, 140–155

Ormerod, J. T. and Wand, M. P. (2010) Explaining variational
approximations. The American Statistician 64, 140–153

Parisi, G. (1988) Wand, M. P. (2017) Statistical Field Theory, Redwood
City, CA: Addison-Wesley

L. Maestrini and M. P. Wand Variational Approximations 24/09/2018 3 /3



Informative Bayesian Clustering for
Mixture Models
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Introduction

Clustering is one of the canonical data analysis goal in statistics.
Model-based clustering: rely on discrete mixture models
: estimates posterior distribution on the clusters
: allow to incorporate prior information

Base assumption: observations y1, . . . , yN are conditionally independent

p(y|c,θ) =

K∏
k=1

∏
i∈Bk

p(yi|θk) =

K∏
k=1

p(yk|θk) p(c) ∼ ?

How to specify p(c) to account for information on the data clustering?
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Set partitions

A set partition c of an integer [n] is a collection of
non-empty disjoint subsets {B1, B2, . . . , BK} such
that ∪K

i Bi = [n]

3 of 4



How to account for c0?

Base idea: penalize a baseline EPPF in order to center the prior
distribution on the given partition c0

p(c|c0, ψ) ∝ p0(c)e−ψd(c,c0)

p0(c) indicates a baseline distribution on Πn

d(c, c0) a suitable distance between partitions
: ideally a metric on the set partitions lattice
ψ penalization parameter controlling for the centering
: ψ = 0 p(c, c0, ψ)→ p0(c)
: ψ →∞ p(c, c0, ψ) = δc0

For more of this, see you at the poster!
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