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N this talk

| We have three ongoing projects with nVidia
| Event reconstruction with graph networks
| Sparse-event generation with Deep Learning
| Distributed training & optimization with MPI
I 1 will try to cover the main aspects on these three

| Work in progress, so donOt expect to see results today




IN this talk

| Event reconstruction with graph networks
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LHC events and Data representation
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| 'When dealing with DL applications for 0. 10
LHC, people have tried to make our "
data fit common classes of DL ” Co
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| Our data are a set of points arranged
in an irreqular 3D (-> 4D) geometry
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| Points collected by different
detectors and with different features
| The ultimate architecture to deal
with this is a graph neural network e
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The Oclassic" workRow
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| Process these lists with
rule-based algorithms
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Jets

| e.qg., 2->1 recombination
algorithms for jet
clustering
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Ditfferentiable Programming

Yann LeCun
January 5, 2018 - §

OK, Deep Learning has outlived its usefulness as a buzz-phrase.
Deep Learning est mort. Vive Differentiable Programming!

Yeah, Differentiable Programming is little more than a rebranding of the
modern collection Deep Learning techniques, the same way Deep
Learning was a rebranding of the modern incarnations of neural nets with
more than two layers.

But the important point is that people are now building a new kind of
software by assembling networks of parameterized functional blocks and
by training them from examples using some form of gradient-based
optimization.

An increasingly large number of people are defining the networks
procedurally in a data-dependent way (with loops and conditionals),
allowing them to change dynamically as a function of the input data fed
to them. It's really very much like a regular progam, except it's
parameterized, automatically differentiated, and trainable/optimizable.
Dynamic networks have become increasingly popular (particularly for
NLP), thanks to deep learning frameworks that can handle them such as
PyTorch and Chainer (note: our old deep learning framework Lush could
handle a particular kind of dynamic nets called Graph Transformer
Networks, back in 1994. It was needed for text recognition).

People are now actively working on compilers for imperative differentiable
programming languages. This is a very exciting avenue for the
development of learning-based Al.

Important note: this won't be sufficient to take us to "true" Al. Other
concepts will be needed for that, such as what | used to call predictive
learning and now decided to call Imputative Learning. More on this later....
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https://pathmind.com/wiki/differentiableprogramming

Example: jet tagging

Jet tagging = identifying the nature of the particle starting the

shower, looking at the OshapeO of the shower
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Input: a list of particles, each
represented by its coordinates
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Processing: Matrix multiplication +
learnable functions (aka neural
networks)

7

‘ !R
|
s :
IIIEI
v VvYyy
III I E [Dex Ngj

[2P X NEg]

INPUT : I pxNo) ! RR[Nox Ng
TH

HE: N
E E E
N

E
E

—>
—

' Rs [No x N

O

OUTPUT [(P+De) x No]

!RTR[NEXNO]
N
H: B
E E

O [Dox Noj

m ms

m
- HNE "N

No: # of constituents!

P:. # of features!

Ne = No(No-1): # of edges!

De: size of internal representations!

Do: size of post-interaction internal representation

expressed as
dense neural
networks
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@)l What is happening: message passing

| Each example in a dataset is
represented as a set of vertices

| Each vertex is embedded in the
graph as a vector of features

| Vertices are connected through
links

| Messages are passed through
links and aggregated on the
vertices

| A new representation of each
node Is created, based on the
iInformation gathered across the
graph



https://arxiv.org/pdf/1704.01212.pdf

What I1s happening: message passing

| Each example in a dataset Is
represented as a set of vertices

| Each vertex Is embedded In the

graph as a vector of features

I Vertices are connected through
links

l Messages are passed through
links and aggregated on the
vertices

l A new representation of each
node Is created, based on the
iInformation gathered across the
graph
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@)l What is happening: message passing

| Each example in a dataset is
represented as a set of vertices

| Each vertex is embedded in the
graph as a vector of features

| Vertices are connected through

links My, » = g(fé', fb

| Messages are passed through
links and aggregated on the
vertices

| A new representation of each
node Is created, based on the
iInformation gathered across the

graph ergEE
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Each example in a dataset Is
represented as a set of vertices

Each vertex is embedded in the
graph as a vector of features

l Vertices are connected through

links

Messages are passed through
links and aggregated on the
vertices

l A new representation of each

node IS created, based on the
iInformation gathered across the
graph
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What I1s happening: message passing
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https://arxiv.org/pdf/1704.01212.pdf
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(b) Reconstructed



https://arxiv.org/abs/1902.07987

IN this talk

| Sparse-event generation with Deep Learning
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Having simulations of LHC collisions
IS a necessary step for
understanding and analysing the data

Generating large simulated samples

IS more expensive than

reconstructing real data: we could

take more data, but we donOt because
our resources are taken by

simulation tasks

SOLUTION: speed up MC generation by
a factor 10-100

POSSIBLE STRATEGY: Deep Generative
Models

PROBLEM: our data are sparse sets of
points-> we need a sparse generator
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Two approaches

Graph-GAN: use graph
networks to generate sets of
sensor hits in a graph
structure
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IN this talk

| Distributed training & optimization with MP!
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W Model complexity | training complexity
I Training these models take up to days (even on big GPUSs)

| Unlike CNNSs, one cannot rely on a super-optimized back-end. Work to do to make
graphs more GPU-friendly

| In general, it is beneficial to extend the training (and hyperparameter
optimization) beyond the one-GPU setup

| We are developing MPI-based libraries to do so, exploring different
algorithms (Downpour SGD, Elastic averaging, GEM)

1) Compute gradient,
send to Master 2) Update network

g (117) weights

3) Send new weights to Worker -' -'..e..rc Couneh
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Learning & Optimzation

| Learning: run training on a single
architecture

| allocate workers structure using
horovod

| spawn workers over multiple MPI
Processes

| Allreduce setup
| Optimization: find optimal

architecture, running training on each
tested configuration

| N-times previous structure

European

| ‘. “.'.-." e
' TSI
I .t o..‘:o 0.’.’.'.
N =% Research
g '_-'.;’-.'.'..e, c Council
-....o..:....:: ..'
R NALT I N

| Optimization (Bayesian/Evolutionary)
running on top (in H)
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Scaling u
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| Still a long way to go

| work OK on simple (simplistic?)

8
problems
o 6
| code infrastructure is there, but i
scaling not as good as expected *
2
| we need to debug by testing on -
Iarge-scale tralnlngs ° No mpi 3 4 5 10 15 20 Nompi 1 2 3 4 5 10 20 25 30 40 60 100
Number of processes Number of processes
| The main problem we have is access to
large clusters of GPUs
0.85
| Short-timescale allocations at HPC Wl eeaeonees ..., Standalone worker withoutFipI
sites (ORNL, CSCS) w0 m e A * lo.80
| Now investigating the possibility to Loy e | | 075
use Deepest resources S 8 e graph-net jet tagging S
S & 2 1070
| Only recently moved to Flatiron 2
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| So far, this has jeopardised the LR | euonen
project. We need to work on this aspect 2 N T erc Rosearch
and find a stable solution 50
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