
Mia Liu
Purdue University

Oct 18, 2021
A3D3 pre kick-off seminar

Artificial Intelligence Accelerated Discoveries
At the Large Hadron Collider



M.LIURecreating the universe after the big bang 2

M.LIU



M.LIUThe Standard Model of Fundamental Particles 3

M.LIU

THE STANDARD MODEL (OR WHY STUDY PARTICLE PHYSICS?) 2



M.LIU

4

40MHZ Proton

7/8/13 TeV

LAST MISSING PIECE
2012: HIGGS DISCOVERED AT THE LHC

Proton
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Particle Detection in CMSLeptons and photons detection in CMS
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Discovering the Higgs boson (H->ZZ->eeμμ)
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Tagging boosted Higgs with Machine Learning
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2016 (13 TeV)CMS Simulat ion Open Data

300 < jet pT < 2000 GeV
40 < jet mSD < 200 GeV

Double-b (BDT), AUC = 91.7%, acc. = 83.8%
Deep double-b (RNN+CNN), AUC = 97.2%, acc. = 91.7%
GNN, AUC = 99.0%, acc. = 95.5%

Better

BDT

RNN + CNN

Graph NN

•107 more frequent background 
•Complex signature: 

•secondary vertices
•displaced tracks 
•large impact parameters
•soft leptons
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GeV?

SM particles

Higgs
??

Fine tuning
Dynamical origin

…

Experimental:
Dark matter/dark energy

Not in SM

Neutrinos

Anomalies: Muon g-2, LHCb 
lepton flavour universality 

https://www.nytimes.com/2021/04/07/science/particle-physics-muon-fermilab-brookhaven.html
https://home.cern/news/news/physics/intriguing-new-result-lhcb-experiment-cern
https://home.cern/news/news/physics/intriguing-new-result-lhcb-experiment-cern
https://home.cern/news/news/physics/intriguing-new-result-lhcb-experiment-cern
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Extensive searches performed at the LHC 9
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4 
H. Murayama 

Many of these models  
of new BSM physics  
were proposed to  
address some of the  
questions that are left  
unanswered by the SM : 
 
E.g. ,the gauge hierarchy 
problem or the generation 
& flavor problems 
 
..or simply to explain any  
data not consistent w/  
the SM such as the top  
FB asymmetry,  a too  
large rate for hoJJ or a  
130 GeV  ‘DM’  J-line  

Stop pairs Higgsinos

DarkMatter
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Improving search space at the LHC

PERSPECTIVE | FOCUS NATURE PHYSICS

the Higgs boson. If coupled to the Higgs boson, additional scalars 
could feature in solutions to the so-called hierarchy problem, which 
refers to the puzzle of why the energy scale of the weak interactions 
is so much smaller than that of gravity. New scalar particles have 
also been discussed in relation to DM.

Axions and axion-like particles. Axions and axion-like particles are 
(pseudo-)scalar particles. In contrast to the new scalars discussed 
above, they are special in the sense that they are thought to arise as 
remnants of an underlying symmetry. For this reason, axions and 
axion-like particles are expected to be light and their interactions 
strongly suppressed. Axions have been proposed to explain the par-
ity (mirror) symmetry of the strong force, demonstrated to a high 
precision by the observed null electric dipole moment (EDM) of the 
neutron. Axion-like particles are also good portals to DM and are 
even promising DM candidates themselves.

While these benchmark models are not an exhaustive list of DM 
and dark sector models, they provide a useful way to compare the 
sensitivities of different experiments and see how they complement 
each other as shown in Fig. 1a. They also provide a map of promis-
ing target areas suggested by the open problems of particle physics 
and the current hints of experimental anomalies.

In addition to the need for new physics, it has to be recognized 
that even the SM is not yet fully understood. In particular the the-
ory of the strong interactions, quantum chromodynamics (QCD), 
requires a better description of its behaviour at high temperatures 
and densities, notably in the phase transition between bound and 
free quarks. Here, experiments discussed within the PBC programme 
explore unique kinematic regimes available at the CERN complex, 
complementary to other facilities worldwide as illustrated in Fig. 1b.

Within QCD, the dynamics of real or virtual multi-quark sys-
tems, so-called hadrons, is difficult to compute precisely with per-
turbative methods, because the coupling of the strong force increases 
with distance. The interpretation of experiments relying on hadron 
beams, such as the LHC, or of observables that are sensitive to vir-
tual quark exchanges, such as B-hadron decays or the anomalous 
magnetic moment of the muon defined via the g-factor as a! =  
(g " 2)!/2, is therefore often limited by QCD theoretical uncertain-
ties. Despite the rapid progress of non-perturbative computations 
(for example, lattice, renormalization group or Schwinger–Dyson) 
of QCD-related observables (see for example, ref. 8 for (g " 2)!), 
direct experimental measurements of the hadronic structure and 
of hadronic virtual processes will remain crucial in the foreseeable 
future to overcome these limitations.
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Fig. 1 | The potential parameter space covered by PBC projects in BSM searches and QCD studies. a, Schematic overview of the BSM areas targeted by 
different PBC projects as function of the mass of the lightest BSM particle mx and its coupling strength to the SM g/Mmediator. The Planck scale corresponds 
to the coupling strength of the gravitational force. The shaded area corresponds to domains that have already been probed (for details and caveats see 
refs. 1,6). Precision experiments (right), beam dump experiments (middle) and low-energy experiments (left) are compared to the reach of the LHC (blue 
region). The proposed experiments for long-lived particle searches are included for comparison to beam dump experiments. See main text and Table 
1 for details of the experiments. b, Conjectured QCD phase structure as function of the baryonic potential !B, roughly quantifying the excess of quarks 
over antiquarks, and the temperature T. The numbers on these axes indicate the typical scales of interest for !B and T. At high temperature, quarks and 
gluons are deconfined from the usual hadronic matter made of quark bound states into a quark–gluon plasma. The region of the onset of deconfinement 
is labelled OD. The expected critical point (CP) delimitates a region of first order phase transition on the right (red band) from a second order phase 
transition on the left. At low temperature, increasing the density induces a phase transition from a gas of hadrons into a liquid of hadrons (short black 
line, ending in another critical point). The situation at high temperature is less clear than at low temperature and subject to theoretical and experimental 
investigations. The achievable values of !B and T are determined by the atomic numbers of the beams and targets and by the beam energies. The domains 
covered by the Super Proton Synchrotron (SPS), the final pre-accelerator of the LHC delivering beams to fixed target experiments, and the LHC fixed-target 
heavy-ion experiments (LHC FT) are indicated in dark and light grey, respectively. The reach of the current LHC experiments is illustrated in green. The 
scale at the bottom provides a comparison to the reach of other facilities worldwide, namely the Relativistic Heavy Ion Collider (RHIC) in operation in the 
US, the Nuclotron Based Ion Collider Facility (NICA) and the Heavy Ion Synchrotron (SIS) in construction in Russia and Germany, respectively, and the 
lower energy ion facilities in operation in Russia (NUCL), Japan (J-PARC) and China (HIAF). Figures adapted with permission from PBC BSM and QCD 
working groups: a, ref. 1; b, ref. 47.

PERSPECTIVE | FOCUS NATURE PHYSICS

NATURE PHYSICS | VOL 16 | APRIL 2020 | 393–401 | www.nature.com/naturephysics394

Low mass, weakly 
coupled BSM particles: 

Unconventional 
signatures: 
Long lived particles that 
decay outside beam pipe 


Many are limited by 
online reconstruction/
filtering (trigger): 
Currently relying on 
additional object present in 
the event  
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the Higgs boson. If coupled to the Higgs boson, additional scalars 
could feature in solutions to the so-called hierarchy problem, which 
refers to the puzzle of why the energy scale of the weak interactions 
is so much smaller than that of gravity. New scalar particles have 
also been discussed in relation to DM.

Axions and axion-like particles. Axions and axion-like particles are 
(pseudo-)scalar particles. In contrast to the new scalars discussed 
above, they are special in the sense that they are thought to arise as 
remnants of an underlying symmetry. For this reason, axions and 
axion-like particles are expected to be light and their interactions 
strongly suppressed. Axions have been proposed to explain the par-
ity (mirror) symmetry of the strong force, demonstrated to a high 
precision by the observed null electric dipole moment (EDM) of the 
neutron. Axion-like particles are also good portals to DM and are 
even promising DM candidates themselves.

While these benchmark models are not an exhaustive list of DM 
and dark sector models, they provide a useful way to compare the 
sensitivities of different experiments and see how they complement 
each other as shown in Fig. 1a. They also provide a map of promis-
ing target areas suggested by the open problems of particle physics 
and the current hints of experimental anomalies.

In addition to the need for new physics, it has to be recognized 
that even the SM is not yet fully understood. In particular the the-
ory of the strong interactions, quantum chromodynamics (QCD), 
requires a better description of its behaviour at high temperatures 
and densities, notably in the phase transition between bound and 
free quarks. Here, experiments discussed within the PBC programme 
explore unique kinematic regimes available at the CERN complex, 
complementary to other facilities worldwide as illustrated in Fig. 1b.

Within QCD, the dynamics of real or virtual multi-quark sys-
tems, so-called hadrons, is difficult to compute precisely with per-
turbative methods, because the coupling of the strong force increases 
with distance. The interpretation of experiments relying on hadron 
beams, such as the LHC, or of observables that are sensitive to vir-
tual quark exchanges, such as B-hadron decays or the anomalous 
magnetic moment of the muon defined via the g-factor as a! =  
(g " 2)!/2, is therefore often limited by QCD theoretical uncertain-
ties. Despite the rapid progress of non-perturbative computations 
(for example, lattice, renormalization group or Schwinger–Dyson) 
of QCD-related observables (see for example, ref. 8 for (g " 2)!), 
direct experimental measurements of the hadronic structure and 
of hadronic virtual processes will remain crucial in the foreseeable 
future to overcome these limitations.
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Fig. 1 | The potential parameter space covered by PBC projects in BSM searches and QCD studies. a, Schematic overview of the BSM areas targeted by 
different PBC projects as function of the mass of the lightest BSM particle mx and its coupling strength to the SM g/Mmediator. The Planck scale corresponds 
to the coupling strength of the gravitational force. The shaded area corresponds to domains that have already been probed (for details and caveats see 
refs. 1,6). Precision experiments (right), beam dump experiments (middle) and low-energy experiments (left) are compared to the reach of the LHC (blue 
region). The proposed experiments for long-lived particle searches are included for comparison to beam dump experiments. See main text and Table 
1 for details of the experiments. b, Conjectured QCD phase structure as function of the baryonic potential !B, roughly quantifying the excess of quarks 
over antiquarks, and the temperature T. The numbers on these axes indicate the typical scales of interest for !B and T. At high temperature, quarks and 
gluons are deconfined from the usual hadronic matter made of quark bound states into a quark–gluon plasma. The region of the onset of deconfinement 
is labelled OD. The expected critical point (CP) delimitates a region of first order phase transition on the right (red band) from a second order phase 
transition on the left. At low temperature, increasing the density induces a phase transition from a gas of hadrons into a liquid of hadrons (short black 
line, ending in another critical point). The situation at high temperature is less clear than at low temperature and subject to theoretical and experimental 
investigations. The achievable values of !B and T are determined by the atomic numbers of the beams and targets and by the beam energies. The domains 
covered by the Super Proton Synchrotron (SPS), the final pre-accelerator of the LHC delivering beams to fixed target experiments, and the LHC fixed-target 
heavy-ion experiments (LHC FT) are indicated in dark and light grey, respectively. The reach of the current LHC experiments is illustrated in green. The 
scale at the bottom provides a comparison to the reach of other facilities worldwide, namely the Relativistic Heavy Ion Collider (RHIC) in operation in the 
US, the Nuclotron Based Ion Collider Facility (NICA) and the Heavy Ion Synchrotron (SIS) in construction in Russia and Germany, respectively, and the 
lower energy ion facilities in operation in Russia (NUCL), Japan (J-PARC) and China (HIAF). Figures adapted with permission from PBC BSM and QCD 
working groups: a, ref. 1; b, ref. 47.
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Improve high energy probe: 

high pT object detection. 
e.g. boosted Higgs/W/Z/top 
etc. 

Loop contributions to ultra-
rare processes.e.g lepton 
flavor violation


• soft signatures that are 
limited by online 
reconstruction/filtering 
(trigger) as well
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The Fast and Furious 12

Extreme data volume & rate from LHC 
collisions.

M.LIU

Multiple pp collisions in the same beam 
crossing:
LHC: 20-50. Next upgrade: 140-200



4HSTD11, Okinawa   –   M. Garcia-SciveresDec. 12, 2017

Rate

Particles / Hits

LHC HL-LHC

* Store full time sequence of drops until trigger (not collect in a bucket)
* Can quantify rate as memory bits / area / time 

(note: no mention of pixel size)
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Now: The LHC LHC Run-4

Capturing raindrops 

Faster and fine granularity detectors to collect higher pileup collisions
ML to maintain/improve detection of (un)conventional signatures
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Represent data as nodes and edges
appropriate representation of particle physics 
data: irregular, structural, relational 

GNN developments driven by social media, 
how to adapt/adopt to domain knowledge

• node classification: Pileup mitigation
• graph classification: τ->3μ
• edge classification: charged particle tracking
• identifying subgraphs/sets: particle flow

GRAPH CONSTRUCTION 5

▸ Tracking measurements 
▸ Hits in tracking detector → nodes  
▸ Plausible track segments → edges 

▸ Calorimeter measurements 
▸ Clusters of energy → nodes  
▸ Particle shower evolution → edges  

▸ Jets 
▸ Particle constitutes→ nodes  
▸ All two-particle correlations → edges 

▸ Note: edges need to be specified; graph connectivity can be learned dynamically (“point 
cloud”) or not needed at all (“deep sets”)



M.LIU

The Fast and Furious 15

Extreme data volume & rate from LHC collisions.

M.LIU

100 pile up event
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Essential to the LHC physics 
program.

• “Noise” needs to be 
subtracted from interaction 
of interest
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Trained on labeled charged particles 
and applied to neutral ones —> can 
learn from data.

• Outperforms expert feature 
method (PUPPI), comparable to 
fully supervised method. 

• Presented at BOOST 2021, 
Papers coming soon.

• Next: Apply to CMS simulation & 
data. Neutral particle vertex 
association for the forward region. 
Physics with PU interactions?

Model Architecture

6

• Build graph in  space. Connect the particles in the  cone. 

• Input features are the  , charge, and PUPPI weights for the nodes, and the , , 
and  between particles for the edges 

• Outputs are a weight between 0 and 1, representing the probability that the particle 
is produced from the LV. Also study the ‘Hybrid’ algorithm: 

            , where  
• Model architecture:

! ! " "R = 0.8
pT "! ""

"R

Final Score = # # GNN Output  + (1 ! #) # PUPPI Weight 0 < # < 1 "!, "", "R

charge, 

PUPPI weight

pT,

✤ Convolutional layer is the convolution on graphs. Here we use the gated model: 

               where  is the gate controlling the node feature updates 

                and ,  is the gate controlling feature passing from neighbor to the node 

✤ Also tested GraphSage (ArXiv:1706.02216) for the convolution, and compare the performances

hk+1
u = Gk

u # hk
u + (1 ! Gk

u) # Mk
u Gk

u = Sigmoid(hk $ Mk
u)

Mk
u = 1

N !
v

(G% k
u,v # Mk

u,v) G% k
u,v = Sigmoid(Mk

u,v)

nPU
# Particles (in total) # Selected Particles (for training)

Charged LV Charged PU Neutral LV Neutral PU Charged LV Charged PU
80 85± 30 1600± 300 50± 20 800± 140 10 160
140 60± 14 3000± 350 30± 13 1420± 200 6 282

Table 1: The first four columns include the average numbers of four types of particles under different
pileup conditions per graph. The last two columns indicate the number of charged particles being
randomly selected for training per graph per epoch.

4 Results

The datasets used in this study are generated using PYTHIA 8.223 [15] and DELPHES 3.3.2 [16].
Two pileup conditions are chosen to be studied: the number of pileup interactions nPU = 80 and
140, where the latter represents a more noisy experimental environment. Table 1 shows the average
numbers of different types of particles under different pileup conditions.

The experiments are designed to demonstrate the effectiveness of the model trained via SSL and its
ability to be adapted to different nPU levels. The model is trained and tested under three scenarios: (a)
training the model on nPU = 80 with inference on nPU = 80, (b) training the model on nPU = 140
with inference on nPU = 140, and (c) training the model on nPU = 80 with inference on nPU = 140.
Experimental settings (a) and (b) are to demonstrate that the model trained on charged particles with
SSL can perform well on neutral particles in testing and work under different nPU levels. Specifically,
the SSL model is compared with the fully supervised model, which has the same architecture but is
trained directly on neutral labels, and with the baseline algorithm PUPPI. Experiment (c) is to check
the adaptation ability of the model in different nPU conditions.

To evaluate the fully supervised model performance, the particles used for training and testing
must come from different events, though this is not necessary in the SSL training. Therefore, for
experiments on nPU = 80, there are 3000/1000/1000 events for training/validation/testing. When
nPU = 140, 1000/400/800 events are used for training/validation/testing. For the nPU = 140 scenario,
there are more particles per event, so the total number of events is reduced to maintain reasonable
memory usage. During training, the model is trained until convergence, which normally takes about
5 epochs.

The testing results demonstrate the success of the model, and are shown in Fig. 3 ROC curves with
AUC scores. In Fig. 3, (a) and (b) both indicate the SSL model outperforms the baseline algorithm
PUPPI (by 7.41% under nPU=80 and 6.22% under nPU=140). Furthermore, the SSL performance
is very similar to the fully-supervised model(decays by 1.41% under nPU=80 and 0.51% under
nPU=140). The comparison between (a) and (c) in Fig. 3 demonstrates the model can adapt between
different nPUs since the model only degrades by 0.22% under SSL from (b) to (c) in Fig. 3.

Log scale

Train on nPU=80, Test on nPU=80

(a)

Log scale

Train on nPU=140, Test on nPU=140

(b)

Train on nPU=80, Test on nPU=140

Log scale

(c)

Figure 3: The ROC curves for the gated GNN on neutral particles for SSL, fully-supervised learning,
and the domain PUPPI algorithm.

4

Neighboring structure

Better

https://indico.cern.ch/event/1037559/contributions/4451753/?_ga=2.71932627.1511027680.1632850631-1707541545.1628006093
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Daniel Guerrero (UF)                        Introduction to τ 3→ μ triggers at the HL-LHC  9

µ

µ

µτ

ν~

Search for τ 3→ µ decays at particle colliders 
Charge lepton Wavor violating decays:
 Possible via neutrino oscillations with extremely small branching ratio: BR(τ→3μ) ~ O(10-14)
 New physics can enhance BR(τ→3μ) up to ~ O(10-8)
 There-muon signature is the cleanest at LHC (as opposed to 3e , μμe, μγ, etc.)

Recent BR(τ  3µ)→  experimental limits (90% CL):    
 Belle  : 2.1 x 10-8 (expected 2.3 x 10-8)  Phys. Lett. B687 (2010) 139
 BaBar: 3.3 × 10-8 (expected 4.0 x 10-8) Phys. Rev. D81 (2010) 111101
 LHCb : 4.6 × 10-8 (expected 5.6 x 10-8 ) JHEP 02 (2015) 121
 CMS   : 8.0 x 10-8  (expected 6.9 x 10-8)  JHEP01(2021)163
 ATLAS: 3.8 × 10-7 (expected 3.9×10 -7 ) Eur. Phys. J. C76 (2016) 5, 232

SUSY with a R-parity violation

Neutrino oscillations
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 New physics can enhance BR(τ→3μ) up to ~ O(10-8)
 There-muon signature is the cleanest at LHC (as opposed to 3e , μμe, μγ, etc.)

Recent BR(τ  3µ)→  experimental limits (90% CL):    
 Belle  : 2.1 x 10-8 (expected 2.3 x 10-8)  Phys. Lett. B687 (2010) 139
 BaBar: 3.3 × 10-8 (expected 4.0 x 10-8) Phys. Rev. D81 (2010) 111101
 LHCb : 4.6 × 10-8 (expected 5.6 x 10-8 ) JHEP 02 (2015) 121
 CMS   : 8.0 x 10-8  (expected 6.9 x 10-8)  JHEP01(2021)163
 ATLAS: 3.8 × 10-7 (expected 3.9×10 -7 ) Eur. Phys. J. C76 (2016) 5, 232

SUSY with a R-parity violation

Neutrino oscillations

• Detecting lepton flavor violating τ->3μ decays
• Very (super ultra) rare in the SM, Neutrino 

oscillations: BR ~O(10-14)
• BSM e.g. R-parity violating SUSY enhanced: 

O(10-8) 
• Collimated, low pT and very forward muons
• Next upgrade uses tracking information, only 25% 

efficient (already 10 times better than current 
method)

Daniel Guerrero (UF)                        Introduction to τ 3→ μ triggers at the HL-LHC  10

Tau production at the High-Luminosity LHC (HL-LHC)
The HL-LHC (2027-2037): 
 14 TeV of center of mass energy pp collisions
  7.5 x 1034cm -2 s-1 instantaneous luminosity & 200 pile-up (PU)
 Integrated luminosity: 4000 fb-1 (25 x more data)
 Challenging data-taking conditions: 

 High particle multiplicity & intense radiation environment

Tau particle production 
 5.6 x 1014 expected τ‘s from hadronic processes with D/B mesons 

 ~72% originate from D
s
→τν decays

 Lots of taus, but challenging to reconstruct at the L1 trigger! 
 M(Ds) ~ M(τ)  collimated, low pT and very forward muons→  
 Background: Pile-up and Bs + π/K production

 CMS upgrades are needed to fully exploit signature

Muon 
properties 

in
Ds  τ→ (3µ)ν 

decays

Daniel Guerrero (UF)                        Introduction to τ 3→ μ triggers at the HL-LHC  10

Tau production at the High-Luminosity LHC (HL-LHC)
The HL-LHC (2027-2037): 
 14 TeV of center of mass energy pp collisions
  7.5 x 1034cm -2 s-1 instantaneous luminosity & 200 pile-up (PU)
 Integrated luminosity: 4000 fb-1 (25 x more data)
 Challenging data-taking conditions: 

 High particle multiplicity & intense radiation environment

Tau particle production 
 5.6 x 1014 expected τ‘s from hadronic processes with D/B mesons 

 ~72% originate from D
s
→τν decays

 Lots of taus, but challenging to reconstruct at the L1 trigger! 
 M(Ds) ~ M(τ)  collimated, low pT and very forward muons→  
 Background: Pile-up and Bs + π/K production

 CMS upgrades are needed to fully exploit signature

Muon 
properties 

in
Ds  τ→ (3µ)ν 

decays

Single μ trigger > 20 GeV 

Di-muon trigger ~ 10-20 GeV 

Graph Classification τ->3μ



Graph Classification τ->3μ 19
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Graph Inputs: Muons hits (Coordinates 
and bending angle), represented as nodes 
in graph. 

Attention based GNNs for information 
aggregation between local nodes and 
global node

Training setting: τ->3μ signals mixed with 
PU backgrounds vs pure PU sample

> 90% efficient within trigger bandwidth. 

End-to-end approach. Model 
interpretations, Model adaption (to other 
signals & other experiments),Data 
augmentation. Regression of τ/μ 
kinematics

SignalPU200 EventsSignalPU200 Events
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Zooming in

6

HCAL 
deposit

ECAL deposit

Charged hadron

Photon

Muon

Neutral hadron

Reconstruction at the LHC 20
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Connecting the dots

Find the clusters

More and more… and more GNNs 14
M.LIU

Represent data as nodes and edges
appropriate representation of particle physics 
data: irregular, structural, relational 
GNN developments driven by social media.
Active development and applications in 
science domains: how to adapt/adopt to 
domain knowledge
Formulate problem in GNN language

• node classification: Pileup mitigation
• graph classification: τ->3μ
• edge classification: charged particle 

tracking
• identifying subgraphs/sets: particle flow

GRAPH CONSTRUCTION 5

▸ Tracking measurements 
▸ Hits in tracking detector → nodes  
▸ Plausible track segments → edges 

▸ Calorimeter measurements 
▸ Clusters of energy → nodes  
▸ Particle shower evolution → edges  

▸ Jets 
▸ Particle constitutes→ nodes  
▸ All two-particle correlations → edges 

▸ Note: edges need to be specified; graph connectivity can be learned dynamically (“point 
cloud”) or not needed at all (“deep sets”)
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GNN developments driven by social media.
Active development and applications in 
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domain knowledge
Formulate problem in GNN language

• node classification: Pileup mitigation
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tracking
• identifying subgraphs/sets: particle flow
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▸ Tracking measurements 
▸ Hits in tracking detector → nodes  
▸ Plausible track segments → edges 

▸ Calorimeter measurements 
▸ Clusters of energy → nodes  
▸ Particle shower evolution → edges  

▸ Jets 
▸ Particle constitutes→ nodes  
▸ All two-particle correlations → edges 
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Charged particle tracks

Energy clusters

Particle Flow Reconstruction

Higgs? 
Top Quark Pair? 

W boson? 
Z boson? 

Multiple boson? 
. 
. 
. 
. 

New Physics? 

Analysis Reconstruction
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   112 nodes, 148 edges
hls4ml
Expected (0.983)

1 cycle = 5 ns

• Traditional Kalman Filter: computational expensive, serial operations
• Efficient tracking with ML.

• GNN: Identifying edges compatible with real particle trajectories 
• Implemented a GNN on an FPGA for particle tracking on small sectors

• Found it can complete a tracking task in < 1 μs.
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• Input set (or point could or 
heterogeneous graph) of  
tracks,

• Target set of truth particles 

• Goal: construct a mapping  
 

that minimizes some 
distance  

Y = {yi}

𝒰(X) = Y′ ∼ Y

| |Y − Y′ | | ≡ ∑
i∈event

L(yi, y′ i) ,

L(yi, y′ i) ≡ CLS(ci, c′ i) + αREG(pi, p′ i) ,
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• MLPF same or better than rule-based PF algorithm
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arXiv:2101.08320

• Autoencoders compress data to a smaller representation and reconstruct it
• Apply it to particles (E, p): train autoencoder on known SM data

• Found to be effective on a mock dataset with a signal injected at 3.8 TeV
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The reality:
Have to be fast enough
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processing reduces the rate of events to a manageable level to be saved for o�ine processing and is
often referred to triggering. Triggering typically happens in multiple tiers where the first tier (Level-1,
L1) is performed with custom electronics at very low latency (⇠ µs) and the second step (high level
trigger, HLT) is performed on more standard computing resources and has a latency of ⇠ 10� 100 ms.
Finally, o�ine analysis of the saved events passing the HLT can take significantly longer, though, the
o�ine processing time is limited by our computing resources. The latency landscape for various levels
of experimental event processing is illustrated in Fig. 1.

1μs 1ms 1s

LHC L1 Trigger  
(pipelined)

LHC  
High Level Trigger 

LHC/DUNE 
Offline processing 

Figure 1: Latency landscape

In this paper, we do not focus on the L1 triggering requirements and instead consider the gains
from hetergeneous compute resources to improve both our HLT and o�ine processing power.

When considering how best to use new optimized computing resources for physics, we must first
consider the event processing model employed by large physics experiments. An example of the current
compute model is shown in Fig. 2 where event data is processed, often sequentially, across multiple
CPU threads. It is important to note that the basic unit of processing is a single event and performing
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Figure 2: Diagram of CMS computing model (To be updated!)

the same task for multiple events (batching) becomes significantly more complex to manage. The tasks
themselves, denoted in Fig. 2, as a module can be very complex, either with time-consuming physics
based algorithms, or as is becoming more popular, machine learning algorithms. It can be then seen
that the most time-consuming and complex tasks will be the latency bottleneck in event processing.
When considering extremely complex events from the CMS experiment for future upgrades, the time
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consider the event processing model employed by large physics experiments. An example of the current
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the same task for multiple events (batching) becomes significantly more complex to manage. The tasks
themselves, denoted in Fig. 2, as a module can be very complex, either with time-consuming physics
based algorithms, or as is becoming more popular, machine learning algorithms. It can be then seen
that the most time-consuming and complex tasks will be the latency bottleneck in event processing.
When considering extremely complex events from the CMS experiment for future upgrades, the time

– 3 –

M.LIU

©2!QC0T

©2!QC0EBZ

CPUs/increasing 
heterogeneous 

“Heterogeneous systems”



Products developed in Fast ML 28

Offline

Offlin
e

High Level Synthesis 4 Machine Learning

Applications in CMS: muon pT in endcap L1T, 
VBF tagger in L1T, BSM AE in L1T, ASIC data 
compression, AE in HGCAL, b-tagging/MET in 
L1T


processing reduces the rate of events to a manageable level to be saved for o�ine processing and is
often referred to triggering. Triggering typically happens in multiple tiers where the first tier (Level-1,
L1) is performed with custom electronics at very low latency (⇠ µs) and the second step (high level
trigger, HLT) is performed on more standard computing resources and has a latency of ⇠ 10� 100 ms.
Finally, o�ine analysis of the saved events passing the HLT can take significantly longer, though, the
o�ine processing time is limited by our computing resources. The latency landscape for various levels
of experimental event processing is illustrated in Fig. 1.
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Cost-effective, flexible, scalable, 
reduced software stack maintenance

Applications in CMS data processing 
workflows (ML or CUDA)

5

Bring DL to FPGA for L1 trigger with

2 Building neural networks with hls4ml

In this section we give an overview of the basic task of translating a given neural network model into
a firmware implementation using HLS. We then pick a specific use-case to study, though the study
will be discussed in a way that is meant to be applicable for a broad class of problems. We conclude
this section by discussing how to create an e�cient and optimal firmware implementation of a neural
network in terms of not only performance but also resource usage and latency.

2.1 hls4ml concept

Our basic task is to translate a trained neural network by taking a model architecture, weights, and
biases and implementing them in HLS in an automated fashion. This automated procedure is the task
of the software/firmware package, hls4ml. A schematic of a typical workflow is illustrated in Fig. 1.
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hls  4  ml

hls4ml

HLS  4  ML

Figure 1: A typical workflow to translate a model into a firmware implementation using hls4ml.

The part of the workflow that is illustrated in red indicates the usual software workflow required
to design a neural network for a specific task. This usual machine learning workflow, with tools such
as Keras and PyTorch, involves a training step and possible compression steps (more discussion
below in Sec. 2.3) before settling on a final model. The blue section of the workflow is the task of
hls4ml which translates a model into an HLS project that produces a firmware block. This automated
tool has a number of configurable parameters which can help the user customize the network translation
for their application.

The time to perform the hls4ml translation is much shorter (minutes to hours) than a custom
design of a neural network and can be used to rapidly prototype machine learning algorithms without
dedicated engineering support. For physicists, this makes designing physics algorithms for the trigger
or DAQ significantly more accessible and e�cient, thus allowing the "time to physics" to be greatly
reduced.

– 5 –

high level synthesis for machine learning

https://fastmachinelearning.org/hls4ml/



M.LIU

Summary 29

Machine learning offers opportunities to significantly boost the discovery potential at the 
LHC.

• Need accelerated machine learning inference in online & offline processing. 

• Multidisciplinary teams to realize optimal ML on targeted (e.g.L1 trigger) or heterogeneous 
systems (e.g. CMS HLT & offline).

• User-friendly prototype tools for domain experts to streamline ideas to implementation.

• Discussions focused not limited to reconstructions. e.g. fast simulation, experiment control/
real-time calibration..etc

Looking forward to continuing with tackling these challenges in A3D3 community

• Cross-domain synergies in ML mathematical formulations

• Advanced optimal ML methods in targeted&heterogeneous systems
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Model Architecture

6

• Build graph in  space. Connect the particles in the  cone. 

• Input features are the  , charge, and PUPPI weights for the nodes, and the , , 
and  between particles for the edges 

• Outputs are a weight between 0 and 1, representing the probability that the particle 
is produced from the LV. Also study the ‘Hybrid’ algorithm: 

            , where  
• Model architecture:
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Final Score = # # GNN Output  + (1 ! #) # PUPPI Weight 0 < # < 1 "!, "", "R

charge, 

PUPPI weight

pT,

✤ Convolutional layer is the convolution on graphs. Here we use the gated model: 

               where  is the gate controlling the node feature updates 

                and ,  is the gate controlling feature passing from neighbor to the node 

✤ Also tested GraphSage (ArXiv:1706.02216) for the convolution, and compare the performances
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Figure 2: A diagram illustrating the SSL model training flow.

node feature can be categorized into two parts, where the first part contains feature values shared by
charged and neutral particles, while the rest contain the charged-or-neutral-specific feature values.

3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk

v denote the node v representation at
k-th layer. The GNN follows

Edge message: muv =
⇥
hk�1
u , hk�1

v ,�⌘uv,��uv,�Ruv

⇤
,

Aggregation: mv =
P

u2N(v)guvmuv, where guv = Sigmoid(W1muv + b1)

Node-level gate: qv = Sigmoid(W2[h
k�1
v ,mv] + b2)

Node update: hk
v = ReLU(qv(W3h

k�1
v + b3)) + (1� qv)(W4mv + b4)),

where �⌘,��,�R are the geometric features that characterize the difference between the
spatial coordinates ⌘,� of two particles and their distance

p
�⌘2 +��2 respectively. The node

representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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node feature can be categorized into two parts, where the first part contains feature values shared by
charged and neutral particles, while the rest contain the charged-or-neutral-specific feature values.

3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk

v denote the node v representation at
k-th layer. The GNN follows
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�⌘2 +��2 respectively. The node

representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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✤ Convolutional layer is the convolution on graphs. Here we use the gated model: 
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node feature can be categorized into two parts, where the first part contains feature values shared by
charged and neutral particles, while the rest contain the charged-or-neutral-specific feature values.

3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk

v denote the node v representation at
k-th layer. The GNN follows
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where �⌘,��,�R are the geometric features that characterize the difference between the
spatial coordinates ⌘,� of two particles and their distance

p
�⌘2 +��2 respectively. The node

representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
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3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk
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representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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node feature can be categorized into two parts, where the first part contains feature values shared by
charged and neutral particles, while the rest contain the charged-or-neutral-specific feature values.

3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk
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�⌘2 +��2 respectively. The node

representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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node feature can be categorized into two parts, where the first part contains feature values shared by
charged and neutral particles, while the rest contain the charged-or-neutral-specific feature values.

3 The Proposed Model

Training the model consists of four steps as illustrated in Figure 2. Step (a) graph construction has
been introduced. Next, we focus on steps (b)-(d).

Step (b) Random Selection and Feature Masking. The main goal of step (b) is to deal with the
potential features not shared between charged and neutral particles. These features in our simulation
datasets are LV-or-PU label information where only charged particles hold. In real experiments, they
may include other features such as particle types as charged and neutral particles by nature are in
different categories. We term these features as charged-specific features and neutral-specific features
respectively. To prevent the model from overfitting such features, in each graph each training epoch,
a certain portion of charged LV and PU particles are randomly selected as training samples. The
charged-specific features of these particles will be replaced by neutral-specific features of randomly
selected neutral particles. Note that such a portion should neither be too large nor too small, as
otherwise, either the neighboring features of a particle get corrupted, or too many epochs are needed
to fully utilize all labeled particles for training. Table 1 includes the numbers of selected charged LV
and PU particles per graph per epoch and the total number of charged LV and PU particles per graph.
About 10% of charged particles are selected in order to balance preserving neighboring structures
and training convergence/speed.

Step (c) GNN Encoding and Step (d) Prediction. Any GNN architecture, like [11, 12, 13], can be
applied to our SSL framework, though we focus on a variant of the gated GNN model [14]. Because,
as shown in Fig. 1, there are some LV particles surrounded by PU particles, we use gates to control
the messages from the neighbors to better fit the problem. Let hk
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representations are initialized as particle features that in our experiments include the particle
transverse momentum pT and one-hot label encoding, that is, (1, 0, 0) for LV charged particles,
(0, 1, 0) for PU charged particles, (0, 0, 1) for neutral particles and masked charged particles. The
node representations of the selected particles in the final layer of GNN are put through a multi-layer
perceptron with two hidden layers to make the final prediction.
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2 Building neural networks with hls4ml

In this section, we give an overview of translating a given neural network model into a FPGA
implementation using HLS. We then detail a specific jet substructure case study, but the same concepts
are applicable for a broad class of problems. We conclude this section by discussing how to create
an e�cient and optimal implementation of a neural network in terms of performance, resource usage,
and latency.

2.1 hls4ml concept

The task of automatically translating a trained neural network, specified by the model’s architecture,
weights, and biases, into HLS code is performed by the hls4ml package. A schematic of a typical
workflow is illustrated in Fig. 1.
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Figure 1: A typical workflow to translate a model into a FPGA implementation using hls4ml.

The part of the workflow illustrated in red indicates the usual software workflow required to
design a neural network for a specific task. This usual machine learning workflow, with tools such as
Keras and PyTorch, involves a training step and possible compression steps (more discussion below
in Sec. 2.3) before settling on a final model. The blue section of the workflow is the task of hls4ml,
which translates a model into an HLS project that can be synthesized and implemented to run on an
FPGA.

At a high level, FPGA algorithm design is unique from programming a CPU in that independent
operations may run fully in parallel, allowing FPGAs to achieve trillions of operations per second at a
relatively low power cost. However, such operations consume dedicated resources onboard the FPGA
and cannot be dynamically remapped while running. The challenge in creating an optimal FPGA
implementation is to balance FPGA resource usage with achieving the latency and throughput goals
of the target algorithm. Key metrics for an FPGA implementation include:
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which can be accelerated, such that the total time of a CPU-only job is trivially defined as:

tCPU = (1� p)⇥ tCPU + p⇥ tCPU (1)

We replace the time for the accelerated module with the GPU latency terms:

tideal = (1� p)⇥ tCPU + tGPU + tlatency. (2)

This reflects the ideal scenario when the GPU is always available for the CPU job. We also include tlatency,
which accounts for the preprocessing, bandwidth, and travel time to the GPU. The value of tGPU is fixed,
unless the GPU is saturated with requests. We define this condition as how many GPU requests can be
made while a single CPU is processing an event. The GPU saturation condition is therefore defined as:

NCPU

NGPU
>

tideal

tGPU
. (3)

Here, tideal is equivalent to Eq. (2), the processing time assuming there is no saturated GPU. There
are two conditions, unsaturated and saturated GPU, which correspond to NCPU

NGPU
< tideal

tGPU
and NCPU

NGPU
> tideal

tGPU
,

respectively. We can compute the total latency (tSONIC) to account for both cases:

tSONIC = (1� p)⇥ tCPU + tGPU


1 + max

✓
0,

NCPU

NGPU
� tideal

tGPU

◆�
+ tlatency. (4)

Therefore, the total latency is constant when the GPUs are not saturated and increases linearly in the
saturated case proportional to tGPU. Substituting Eq. (2) for tideal, the saturated case simplifies to:

tSONIC = tGPU ⇥ NCPU

NGPU
. (5)

3.4 Measurements deploying SONIC

To test the performance of the SONIC approach, we use the setup described in the “server stress test”
in Section 3.2. We vary the number of simultaneous jobs from 1–400 CPU processes. To test different
computing model configurations, we run the inference with two different batch sizes: 235 (small batch) and
1693 (large batch). This size is specified at run time through a parameter for the EmTrackMichelId module
in the FHiCL [32] configuration file describing the workflow. With the small batch size, inferences are
carried out in approximately 235 batches per event. Increasing the batch size to 1693 reduces the number
of inference calls sent to the Triton server to 32 batches per event, which decreases the travel latency. We
also test the performance impact of enabling or disabling dynamic batching on the server.

In Fig. 5 (left), we show the performance results for the latency of the EmTrackMichelId module for
small batch size vs. large batch size, with dynamic batching turned off. The most important performance
feature is the basic trend. The processing time is flat as a function of the number of simultaneous CPU
processes up to 190 (270) processes for small (large) batch size. After that, the processing time begins to
grow, as the GPU server becomes saturated and additional latency is incurred while service requests are
being queued. For example, in the large batch case, the performance of the EmTrackMichelId module is
constant whether there are 1 or 270 simultaneous CPU processes making requests to the server. Therefore,

This is a provisional file, not the final typeset article 12

Saturation e!ect:  
What if NCPU saturates the GPUs 

and they can’t keep up?

Results

47

Wang et al. GPU-accelerated ML inference aaS for computing in neutrino experiments

using less than 270 simultaneous CPU processes for the 4-GPU server is an inefficient use of the GPU
resources; and we find that the optimal ratio of CPU processes to a single GPU is 68:1.

As described in Section 3.3, 7 s of the module time is spent on the CPU for preprocessing to prepare
the inputs for neural network inference. The term ttravel is computed based on a measured round trip ping
time of 12ms for a single service request. Therefore, for small (large) batch size, the total ttravel per event
is 2.8 s (0.4 s). The difference between the corresponding processing times for the different batch sizes
roughly corresponds to that 2.4 s. We also see that in the small batch size configuration, the GPU server
saturates earlier, at about 190 simultaneous CPU processes. In comparison, the large batch size server
saturates at about 270 simultaneous processes. This is because the GPU is more efficient with larger batch
size: at a batch size of 235 (1693), the GPU server can process about 80,000 (125,000) images per second.
The overall performance using the SONIC approach is compared to the model from Section 3.3. We see
that performance matches fairly well with our expectations.

In Fig. 5 (right), we show the performance of the SONIC approach for large batch size with dynamic
batching enabled or disabled, considering up to 400 simultaneous CPU processes. We find that at large
batch size, for our particular model, the large batch size of 1693 is already optimal and the performance is
the same with or without dynamic batching. We also find that the model for large batch size matches the
data well.

Figure 5. Processing time for the EmTrackMichelId module as a function of simultaneous CPU processes,
using a Google Kubernetes 4-GPU cluster. Left: small batch size vs. large batch size, with dynamic
batching turned off. Right: large batch size performance with dynamic batching turned on and off. In both
plots, the dotted lines indicate the predictions of the latency model, specifically Eq. (4).

We stress that, until the GPU server is saturated, the EmTrackMichelId module now takes about 13 s per
event in the most optimal configuration. This should be compared against the CPU-based inference, which
takes 220 s on average. The EmTrackMichelId module is accelerated by a factor of 17, and the total event
processing time goes from 330 s to 123 s on average, a factor of 2.7 reduction in the overall processing
time.

Finally, it is important to note that throughout our studies using commercially available cloud computing,
we have observed that there are variations in the GPU performance. This could result from a number of
factors beyond our control, related to how CPU and GPU resources are allocated and configured in the
cloud. Often, these factors are not even exposed to the users and therefore difficult to monitor. That said,
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which can be accelerated, such that the total time of a CPU-only job is trivially defined as:

tCPU = (1� p)⇥ tCPU + p⇥ tCPU (1)

We replace the time for the accelerated module with the GPU latency terms:

tideal = (1� p)⇥ tCPU + tGPU + tlatency. (2)

This reflects the ideal scenario when the GPU is always available for the CPU job. We also include tlatency,
which accounts for the preprocessing, bandwidth, and travel time to the GPU. The value of tGPU is fixed,
unless the GPU is saturated with requests. We define this condition as how many GPU requests can be
made while a single CPU is processing an event. The GPU saturation condition is therefore defined as:
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Here, tideal is equivalent to Eq. (2), the processing time assuming there is no saturated GPU. There
are two conditions, unsaturated and saturated GPU, which correspond to NCPU
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respectively. We can compute the total latency (tSONIC) to account for both cases:
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Therefore, the total latency is constant when the GPUs are not saturated and increases linearly in the
saturated case proportional to tGPU. Substituting Eq. (2) for tideal, the saturated case simplifies to:

tSONIC = tGPU ⇥ NCPU

NGPU
. (5)

3.4 Measurements deploying SONIC

To test the performance of the SONIC approach, we use the setup described in the “server stress test”
in Section 3.2. We vary the number of simultaneous jobs from 1–400 CPU processes. To test different
computing model configurations, we run the inference with two different batch sizes: 235 (small batch) and
1693 (large batch). This size is specified at run time through a parameter for the EmTrackMichelId module
in the FHiCL [32] configuration file describing the workflow. With the small batch size, inferences are
carried out in approximately 235 batches per event. Increasing the batch size to 1693 reduces the number
of inference calls sent to the Triton server to 32 batches per event, which decreases the travel latency. We
also test the performance impact of enabling or disabling dynamic batching on the server.

In Fig. 5 (left), we show the performance results for the latency of the EmTrackMichelId module for
small batch size vs. large batch size, with dynamic batching turned off. The most important performance
feature is the basic trend. The processing time is flat as a function of the number of simultaneous CPU
processes up to 190 (270) processes for small (large) batch size. After that, the processing time begins to
grow, as the GPU server becomes saturated and additional latency is incurred while service requests are
being queued. For example, in the large batch case, the performance of the EmTrackMichelId module is
constant whether there are 1 or 270 simultaneous CPU processes making requests to the server. Therefore,
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Saturation e!ect:  
What if NCPU saturates the GPUs 

and they can’t keep up?

GPU saturates

2.7x speed up of the full 
ProtoDUNE-SP processing chain
1 GPU can handle 68 CPU 

processes simultaneously 

ProtoDUNE-SP 

How many CPU can this GPU serve?

CPU-to-GPU ratio:

t_total_cpu - t_othercpu  = t_ml

t_total_sonic -  t_othercpu - t_sonic_cpu =  
t_transfer + t_scheduling + t_sonic_gpu

t_ml/ (t_sonic_cpu + t_transfer + t_scheduling + 
t_sonic_gpu) = 

tsonic_cpu_part = t_sonic - t_transfer - t_scheduling 

ratio = t_sonic_cpu_part/t_gpu

Passes this ratio, GPU saturates and average 
processing time increase.
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• SUSY partners of the SM electroweak 
sector:  
• U(1)-> Bino, SU(2)->Winos 
• Higgs-> Higgsinos 
• Leptons-> sleptons 

• Could be light and accessible at the 
LHC 

Important to search for them at the LHC!
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Populations of objects show dark 
matter, dark energy 

Region-based CNNs on 
heterogeneous compute devices 

•LSST:  20 Tb / night 

•1 Billion transient alerts /night 

•Dark Energy Survey: Sky Footprint of Observations

Long: competition between faint galaxies, 
transient objects 
Short: Weather, annual modulation of sky positions 
Smart telescopes: reinforcement learning for 
optimal scheduling and control

Challenge of scheduling on multiple time 
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• 3000 fb-1 data expected at the HL-LHC 

• e.g. Higgsinos: Low cross section, 
challenging signatures 

• Δm ~ tens of GeV : Soft decay products 

• Δm ~ hundreds of MeV : Long-lived 
signatures

56

Compressed ewkinos are well 
motivated by both naturalness and DM

arxiv:1608.05379

Coannihilation of c0 and c± can give relic 

density consistent with cosmology

Naturalness predicts higgsinos 
with mass few hundred GeV

Typical Δm of ~few-tens of GeV

~H~χ1

0
~χ1

±
~χ2

0

mass

~
t 1

~
t 2 ~

b1

~g

“Natural” SUSY Spectrum

Δm
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❖ In R-parity conserved models, result in di-boson(W/Z/h/γ) associated with missing 
transverse momentum (Etmiss)

✦ Results in a final state of  WH/WZ in Wino Models.

❖ In GMSB model, mass degenerate

✦ Enhanced pair production of                

✦ Also produce a signature of diboson+missingEt.

✦ Results in a final state of ZZ/HZ/HH in higgino models.

2 3 Signal models and Monte Carlo simulation

The first class of models assumes chargino-neutralino (ec±
1 ec0

2) production. The chargino always44

decays to the W boson and the LSP, ec0
1. The second neutralino can decay to either of the Z or H45

bosons plus the LSP. We consider three choices for the ec0
2 decay: a branching fraction of 100%46

to Zec0
1 (WZ topology), a branching fraction of 100% to Hec0

1 (WH topology), and a branching47

fraction of 50% to each of these two decays. This model is depicted in Fig. 1 showing the48

two possible decays. The particles ec±
1 and ec0

2 are assumed to be wino-like states, while ec0
1 is49

assumed to be bino-like.50
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Figure 1: Chargino-neutralino pair production with the chargino decaying to the W boson and
the LSP and the neutralino decaying to either (left) a Z boson and the LSP or (right) a H boson
and the LSP.

The second class of models assumes neutralino-neutralino production. For the wino-like neu-51

tralinos the production cross section is very small, and thus we consider a specific gauge-52

mediated supersymmetry breaking (GMSB) model with quasi-degenerate higgsinos as next-53

to-lightest SUSY particles (NLSPs) and a gravitino (eG) as the LSP [42–44]. All of ec±
1 , ec0

2, and ec0
154

are assumed to be nearly degenerate in mass, such that in the production of any two of these,55

ec±
1 or ec0

2 decay immediately to ec0
1 and soft particles that do not impact the analysis, effectively56

yielding pair production of ec0
1 ec0

1. The cross sections for all of these processes are summed57

assuming these are higgsino-like states. The ec0
1 then decays to eG and either a Z or H boson,58

and we consider varying branching fractions from 100% Z to 100% H including intermediate59

values. The possible decays in this model are shown in Fig. 2.60
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Figure 2: A GMSB model with neutralino-neutralino pair production and the neutralinos de-
caying into gravitinos and (left) two Z bosons, (center) a Z and a H boson, or (right) two H
bosons.

Monte Carlo (MC) simulated samples are used in the various searches to estimate the back-61

ground from some SM processes, to assess systematic uncertainties in prediction methods62

that rely on data, and to calculate the selection efficiency for signal models. Most SM back-63

ground samples are produced with the MADGRAPH5 AMC@NLO v2.2.2 generator [45] at64

leading order (LO) or next-to-leading order (NLO) accuracy in perturbative quantum chromo-65

dynamics (QCD), including up to one to four additional partons in the matrix element calcu-66
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Electroweak and Compressed SUSY LPC EventD. Olivito (UCSD)

Decays, without SleptonsDecays, without Sleptons

(~B)~χ1

0

~χ1

± (~W )~χ2

0

W Z/h

~χ1

0

~
G

Z/h/g

GMSB / GGM

Pair production signature: Diboson + MET
W(*), Z(*), Higgs, Photons

→ leptons, jets only from boson decays or ISR, photons
Need to combine analyses to cover all boson decays

56

Compressed ewkinos are well 
motivated by both naturalness and DM

arxiv:1608.05379

Coannihilation of c0 and c± can give relic 

density consistent with cosmology

Naturalness predicts higgsinos 
with mass few hundred GeV

Typical Δm of ~few-tens of GeV
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0
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±
~χ2

0
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~
t 1

~
t 2 ~

b1

~g

“Natural” SUSY Spectrum

Δm

Decays via bosons

Δm~ hundreds of 
MeV to 

tens of GeV

Wino-like 
45 fb*

Higgsino-like 
11 fb*

*Cross-sections for 500 GeV sparticles 
 @ 13 TeV(           only)
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Figure 8: The observed 95% CL exclusion contours (black curves) assuming the NLO+NLL
cross sections, with the variations corresponding to the uncertainty in the cross sections for
the higgsino simplified models. The dashed (red) curves present the expected limits with the
associated band covering 68% of the limits in the absence of signal.
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Microsoft Brainwave 39

Microsoft Brainwave

21

• Provides a full service at scale
(more than just a single co-processor)

• Multi-FPGA/CPU fabric accelerates
both computing and network

• Weight retuning available: retrain supported 
networks to optimize for a different problem

Brainwave supports:
• ResNet50
• ResNet152
• DenseNet121
• VGGNet16

Catapult_ISCA_2014.pdf

LPC Topic of the Week Kevin Pedro

• Mature service at scale  
(more than just a single co-
processor) 

• Multi-FPGA/CPU fabric 
accelerates both computing 
and network 

• Models supported: 
• ResNet50, ResNet152, 

DenseNet121 ,VGGNet16… 
• Partially fixed neural network 

architecture.  weights can be 
retuned. 

https://indico.cern.ch/event/822126/contributions/3500184/attachments/1906428/3148591/Catapult_FastML_Fermilab_2019.pdf


M.LIU

WWZ: smaller rate but clean 40
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40% smaller than WWW , 
leptonic decays

4 : Tag Z-> , WW-> (eμ/ee/μμ)

• eμ shown as example: 
kinematic selections against 
ZZ
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Brute force scanned multi-dimensions for optimal cut points
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Chang
UCSD FNALUCSB UNL NWBU Caltech LLR

Event selections

eµ category ee/µµ category
Preselection See previous slides

MLL - |MLL – MZ| > 10 GeV

MT2
MT2 > 25 GeV

(if MLL < 100 GeV) -

PT,4L, MET - Bin A, B, C
See right
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Figure 13: Discriminating variables in eµ category of events after preselection.

p
miss
T range of 70 GeV < p

miss
T < 120 GeV but with pT,4` > 40 GeV are added as well. These

events are further binned in pT,4` of (40, 70, •)GeV. (i.e. Bin B and C.)

The summary of all the selections applied to ee/µµ category is also shown in Table 21. The
expected yields based on simulation after all the selections for the ee/µµ category are applied
are shown in Table 22. The total number of signal and background process events in the ee/µµ
category is also reported.

Based on the number of expected signal and background process events, a sensitivity estimate
can be assessed. Table 23 shows the sensitivity obtained from yields purely predicted by the
simulation. The ee/µµ category is less sensitive than the eµ category with sensitivity around
1.9s but when combined with eµ category, the overall analysis leads to approximately 4.2s.
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Figure 14: Discriminating variables in ee/µµ category of events after preselection.
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•Gain experience in deploying co-processors in local clusters with cloud native tools: 
docker image, kubernetes 
• Benchmark latency and scaling performance, compare with previous studies 
• Can be used for neutrino and cosmology experiments as of ~today—> next slide 

Edge data box at Feymann 
computing center

Docker container on server 
 (PCIe connection): 14 ± 25 ms

Fermilab computing 
cluster: 20 ± 30 ms

Local laptop: 68 ± 27 ms

CERN (Geneva): 168 ± 62 ms
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Fig. 13: Standalone CPU inference time per image (top)
and images per second (bottom) as a function of batch
size for the TensorFlow o�cial ResNet-50 model com-
pared with the Azure ResNet-50 model. The dashed
line indicates a time of 10 ms, consistent with the on-
prem inference time of the Brainwave system.

rectly to either the remote or on-prem Brainwave per-
formance; however, they provide a useful characteriza-
tion of limiting performance. The purple GPU points
utilize the Brainwave implementation of ResNet-50

where, as with the Brainwave implementation on CPU,
a protobuf file is imported. This is what we would ex-
pect within CMSSW for custom models in the future and
represents the closest direct comparison of a GPU with
the Brainwave FPGA implementation. The other GPU
lines consist of the o�cial ResNet-50 as provided within
TensorFlow. The o�cial ResNet-50 can have better in-
ference times by factors of a few. An optimized version
of ResNet-50 is also available. It gives a 0–20% reduc-
tion in inference with respect to the o�cial ResNet-50.
All of the GPU benchmarks also follow the expected
trend for large image batch sizes, with an improvement
in the aggregate performance. The per-image latency
for a batch of one image is found to be anywhere from

5 to 10 times worse than the ultimate performance on
a GPU.

Fig. 14: Standalone GPU inference time per image (top)
and images per second (bottom) as a function of batch
size for the TensorFlow o�cial ResNet-50 model com-
pared with the Azure ResNet-50 model. The dashed
line indicates a time of 10 ms, consistent with the on-
prem inference time of the Brainwave system.

Within CMSSW, we find that importing the protobuf
model of ResNet-50 can take approximately 5 min-
utes. Once the model is imported, subsequent infer-
ences take, on average, 1.75 seconds per inference. This
benchmark point can most closely be compared with
the standalone single-thread CPU performance that is
shown in Fig. 13, approximately 500 ms. The main dif-
ferences between the standalone performance and the
CMSSW tests are two-fold: the TensorFlow version (1.06
vs. 1.10) and the processor speed (2.6 GHz vs. 3.6 GHz).
It is not uncommon for hardware across the global com-
puting grid of the CMS experiment to vary in per-
formance significantly, which is another consideration
when deploying both on-prem and remote services.

data throughout compared to 42

Figure 13: Left: mean total time and distribution (in seconds) to process 5000 jet images through
ResNet-5� on the Brainwave system for di�erent numbers of simultaneous processes. The vertical
bars indicate the extrema. The horizontal axis scale is arbitrary. Right: Throughput of the FPGA
service as the number of inferences per second for di�erent numbers of simultaneous processes. The
error bars represent the standard deviation.

performance, we perform two types of tests. First, we do our own standalone python benchmark tests
with the azure-ML implementation of ResNet-5� as well as the TensorFlow implementation of the
ResNet-5� model. Here, we verify our results against the literature. While many more detailed
studies exist, these benchmarks validate our numbers against other similar tests. Second, we import
the ResNet-5�model file provided by Brainwave into CMSSW and perform inference on the local CPU
with the version of TensorFlow currently in the CMSSW release 1.

The standalone python benchmark results for CPUs are presented in Fig. 14. The CPU used in
these tests is an Intel i7 3.6 GHz. For the CPU, we compare the number of cores used for either
the Brainwave implementation of ResNet-5� or the conventional TensorFlow ResNet-5�. The
performance is shown versus the image batch size; as a reminder, particle physics applications can
vary in their batch sizes anywhere from O(1) � O(100) batches. As expected, the performance is
stable versus batch size. For both models, we observe roughly the same inference time, ranging from
roughly 180 ms to 500 ms. Additionally, we observe that the model inference time is close to optimal
when using 4 cores, with small improvements beyond.

Figure 15 shows the inference times on GPUs. It is important to note that the GPU used in
these tests, an NVidia GTX 1080 Ti, is connected directly to the CPU, rather than using RPC over a
network for communication. Therefore, these results cannot be compared directly even to the on-prem
Brainwave performance; however, they provide a useful characterization of limiting performance. The
blue GPU points utilize the Brainwave implementation of ResNet-5� where, as with the Brainwave
implementation on CPU, a protobuf file is imported. This is what we would expect within CMSSW

1It takes significant e�ort to adapt TensorFlow to be compatible with the multithreading pattern used in CMSSW, and
hence the latest version of TensorFlow is usually not available to be used in the experiment’s software.

– 16 –

Same setup as last page 
Single Service 

Parallel CPU jobs: 
5000 images/job

Comparable max data throughout: 600-700 images/sec

GPUBrainwave cloud service

NVidia GTX 1080 

TensorFlow v1.10 
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Neutrinos oscillate:
Lepton number not conserved

5

Next steps
Graph Neural Network based endcap muon triggers

Single muon and tau→3mu 

Next steps:
 Add gen information (pt, eta) in the training
 Define segment selection for a track-building
 Compute a muon PT regression
 Study efficiencies and rates
 Extend method to multi-object signatures: τ→3μ   

At the LHC 
What about in charged leptons? τ->3μ

SM: 
Currently:< 

10−25

10−8



M.LIUPixel detector of CMS at the LHC
Need to cope with more challenging LHC 
environment in Run 2 & Run 3 (300 fb−1) until 
HL-LHC upgrade (2023). 
Module designed to reduce dynamic 
inefficiency 
Digital readout chip (ROC). Faster readout. 
Geometry design: ensure tracking and vertex 
quality 
Added layers, channels doubled 
Services: reduce material budget 
CO2 cooling, DCDC powering, Service 
electronics out of tracker volume.

44 M.Liu 

The new pixel detector 
•  Installation during February/March 2017.  
•  A smooth transition was needed from installation to 

physics data taking: sensor technology, pixel size and 
module concept very similar. 

•  Move from analog to digital readout chip (ROC)          
� reduced buffer overflow, avoid hit inefficiency. 

•  Move closer to the beam (2.9 cm instead of 4.4 cm)     
� improve vertex reconstruction. 

•  Move from 3- to 4-hit coverage (one additional 
forward disk and barrel layer)              
� increase redundancy and track finding efficiency. 

•  New bi-phase CO2 cooling system 
•  Move service electronics further away from 

interaction point. 
 � reduce material budget/mass. 

2017/09/05 Hannsjörg Weber (Fermilab) 5 

upgrade 

Phase1 upgrade improvements !
•  Present detector designed for 1034cm-2s-1 and     

25ns bunch spacing!
•  Expect twice as much before LS3 (2024)!

–  50 pileup events, hit rates of ~600MHz/cm2!

Ø  Improve redundancy: from 3 to 4 layers (BPIX),   
from 2 to 3 disks on each end (FPIX); impacting 
tracking efficiency and purity!

Ø  Move closer to beam: improve vertexing and b-
tagging!

Ø  Avoid hit inefficiency of up to 16% due to buffer 
overflow in readout chip (ROC) with new digital 
ROC!

Ø  Reduce mass: use CO2 cooling instead of 
water-glycol!

!

8/4/16!Petra Merkel | CMS Phase1 Pixel Upgrade!4!

Katja Klein The Phase-1 Upgrade of the CMS Pixel Detector 3
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• Present pixel detector was designed for 1�1034 cm-2s-1 @ 25ns bunch spacing
• Expect 2�1034 cm-2s-1 and integrated luminosity of 500 fb-1 before LS3 (2024)
Æ 50 pile-up events at 25ns bunch spacing, and hit rates of | 600 MHz/cm2

Î Hit inefficiency of up to 16% due to buffer overflow in readout chip (ROC)
Î Low redundancy (3 layers) Æ impact on tracking efficiency and fake rate
Î Large material budget in sensitive tracking volume
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• Expect 2�1034 cm-2s-1 and integrated luminosity of 500 fb-1 before LS3 (2024)
Æ 50 pile-up events at 25ns bunch spacing, and hit rates of | 600 MHz/cm2
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Î Low redundancy (3 layers) Æ impact on tracking efficiency and fake rate
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Higgs boson discovery: decay modes of 
lower backgrounds (WW/ZZ/γγ).
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22%

gg 9%
!! 6%

cc 3% ZZ 3%

�Recording the events: trigger

�Exploiting background reduction handles

�Predicting the remaining background

�Understanding uncertainties on the prediction

� Interpreting the results!
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Analysis strategy
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What are FPGAs?
Field Programmable Gate Arrays are reprogrammable 
integrated circuits 

Contain many different building blocks (‘resources’) which 
are connected together as you desire 

Originally popular for prototyping ASICs, but now also for 
high performance computing 

‘Computing in space as well as time’ 

FPGA diagram

Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 

Some early adaptions of ML techniques in trigger [1] 

FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/
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Neural network inference

input layer

output layer

M hidden layers

N1

NM

layer m

Nm

activation function multiplication addition
precomputed and 
stored in BRAMs DSPs logic cells

xn = gn(Wn,n�1xn�1 + bn)

Nmultiplications =
NX

n=2

Ln�1 ⇥ Ln

L1
Ln

LN

16 inputs

64 nodes 
activation: ReLU

32 nodes 
activation: ReLU

32 nodes 
activation: ReLU

5 outputs 
activation: SoftMax

Multiplications
Digital Signal Processing 
DSPs 

Addition
Logic cellsActivation functions

Precomputed, and 
stored in BRAMs 
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NN on FPGAs
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Neural network inference

input layer

output layer

M hidden layers
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layer m

Nm

activation function multiplication addition
precomputed and 
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5

       Overview

● AWS F1 instances are machines 
connected directly to a Xilinx 
Virtex 
UltraScale+ FPGA (VU9P)
using PCI-express

● General application development 
on AWS done using SDAccel

Virtex Ultrascale+ VU9P
6800 DSPs

1M LUTs
2M FFs

75 Mb BRAMhls4ml - Fermilab - 12 September 201912.9.2019  11

Neural network inference

input layer

output layer

M hidden layers

N1

NM

layer m

Nm

activation function multiplication addition
precomputed and 
stored in BRAMs DSPs logic cells

xn = gn(Wn,n�1xn�1 + bn)

Nmultiplications =
NX

n=2

Ln�1 ⇥ Ln

L1
Ln

LN

16 inputs

64 nodes 
activation: ReLU

32 nodes 
activation: ReLU

32 nodes 
activation: ReLU

5 outputs 
activation: SoftMax

Multiplications
DSPs 

Addition
Logic cells

Activation functions
Precomputed, and 
stored in BRAMs 

Small network: thousands of connections
Limitation: Number of DSPs

Natural fit for FPGAs… limited resources



hls4ml - Fermilab - 12 September 201912.9.2019

Efficient NN design: quantization
• Quantify the performance of the classifier with the AUC 

• Expected AUC = AUC achieved by 32-bit floating point 
inference of the neural network 

 17
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Low-latency machine learning inference on FPGAs
Javier Duarte1,2, Christian Herwig2, Burt Holzman2, Sergo Jindariani2, Benjamin Kreis2, Mia Liu2, Ryan

Rivera2, Nhan Tran2, Song Han3, Phil Harris3, Dylan Rankin3, Vladimir Loncar4, Jennifer Ngadiuba4,
Maurizio Pierini4, Sioni Summers4, Scott Hauck5, Shih-Chieh Hsu5, Zhenbin Wu6, Edward Kreinar7

1UC San Diego 2Fermilab 3MIT 4CERN 5UW 6UIC 7HawkEye360

Introduction

1 ns 1 μs 1 s1 ms

Compute 
Latency

High-Level 
Trigger

1 kHz 
1 MB/evt

40 MHz
L1 Trigger

100 kHz

Offline

I Machine learning (ML) use case in particle physics: first stage of real-time
data processing and filtering in field programmable gate arrays (FPGAs)

I CERN LHC requirements: high input data rates > 100 TB/s, < 1µs
fixed algorithm latency, constrained FPGA resources

I Compiler based on high-level synthesis (HLS) called hls4ml to rapidly
prototype ML models in FPGAs

Case study

I Task: di↵erentiate showers (or jets) produced in decays of heavy standard
model particles (W and Z bosons and top quarks), from backgrounds
consisting mainly of light quark- (u, d , c , s, b) and gluon-initiated jets

I Fully-connected neural network
(NN) with 16 inputs and 3 hidden
layers (64, 32, 32) to classify 5
categories of jets

I Performance quantified in a
receiver operating characteristic
(ROC) curve of signal e�ciency
versus misidentification rate for
quark, gluon, W boson, Z boson,
and top quark jets

Design
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hls  4  ml

hls4ml

HLS  4  ML

Explore the FPGA design space through
I compression, the three-hidden-layer model with 70% of the parameters

removed using iterative retraining with L1 regularization and
magnitude-based pruning

I quantization, the precision of the inputs, weights, and biases
I parallelization, the number of times a given multiplier is used for a layer

computation, quantified by a reuse factor

With these handles, monitor
I resources: digital signal processors (DSPs), block random access memory

(BRAM), flip-flops (FFs), and lookup tables (LUTs)
I latency: time it takes to compute the full network
I initiation interval (II): time before a new set of inputs can be accepted

Implementation

I First evaluate NN with fixed point precision: <16,6> fixed-point precision
reproduces the ROC curve performance

I DSP usage in the compressed 3-hidden-layer model increases as a function
of the network precision and decreases for larger reuse factors

I Latency increases from 10 to 35 clock cycles (50 to 175 ns) for larger reuse
factors

I Results based on Xilinx Kintex Ultrascale FPGA part number
xcku115-flvb2104-2-i, 200 MHz clock frequency, Vivado HLS 2017.2

Recent developments

To enhance the flexibility of hls4ml, several new developments include
I extension to allow for significantly larger dense networks in terms of the

number of neurons per layer
I inclusion of zero-suppression for weights stored in on-chip memory or

BRAM, reducing the use of on-chip logic registers
I addition of binary and ternary matrix multiplication

To demonstrate the new developments, several versions of a large dense
network to classify handwritten MNIST digits are benchmarked

78
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1.3 � 10�13
1.2 � 10�10
1.9 � 10�11
3.5 � 10�7
5.4 � 10�10
1.9 � 10�12
1.6 � 10�19
0.999999

3.0 � 10�13
5.1 � 10�7

Model II Accuracy Latency DSP BRAM FF LUT
MNIST dense 128 0.97 2.6 µs 21% 45% 12% 33%
MNIST binary dense 128 0.93 2.6 µs 0% 33% 7% 39%
MNIST ternary dense 128 0.95 2.6 µs 0% 33% 7% 40%
MNIST dense, 95% pruned 128 0.96 2.8 µs 1% 34% 13% 164%
MNIST dense 4096 0.97 68.1 µs 1% 66% 27% 83%
MNIST dense, 95% pruned 4096 0.96 82.1 µs 0% 34% 9% 25%

Summary

I hls4ml: compiler based on HLS for porting fully-connected NNs to an
FPGA from conventional training frameworks such as Keras and PyTorch

I Focus on real-time event reconstruction and filtering at the LHC in
FPGAs, with many other applications to real-time detector systems in the
physical sciences

I Implemented a dense 3-hidden-layer NN in a Xilinx Kintex Ultrascale using
roughly 10% of the available DSPs and latency of approximately 75–150 ns
with a clock frequency of 200 MHz

I Extend the capabilities and flexibility of hls4ml to allow larger NN
architectures for applications with latency constraints of approximately
1–100 µs

fastmachinelearning.org Machine Learning and the Physical Sciences, NeurIPS 2019, Vancouver, BC, Canada

6 parallel DSPs: 75 ns 

1 DSP serial :175 ns 

Efficient NN design: quantization

•Post-training quantization on FPGA allows for 
large area reduction but severe model 
performance drop for too few bits

9
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Figure 11: DSP usage in the pruned 3-layer model as a function of the network precision. The various
curves illustrate resource usage for di�erent resource usage factors.

Figure 12: FF and LUT usage in the pruned 3-layer model as a function of the network precision. The
various curves illustrate resource usage for di�erent resource usage factors.

corresponding to the four layers of neuron values that must be computed, with each increment in reuse
factor. This is in line with expectations from Eq. 2.4 where additional reuse of multipliers in a given
layer calculation incurs added latency. In the right plot of Fig. 13, the initiation interval is shown for
di�erent reuse factors. By design, the initiation interval and the reuse factor match as a new input can
be introduced to the algorithm only when all multiplications for a given DSP multiplier are completed.
At very low network precision, the HLS synthesis initiation interval is smaller than the reuse factor.
This is because multiplications are no longer implemented in DSPs but through FFs and LUTs.
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Neural Network compression is a widespread technique to reduce the size, 
energy consumption, and overtraining of deep neural networks 
Several approaches in literature 
arxiv.1510.00149, arxiv.1712.01312, arxiv.1405.3866, arxiv.1602.07576, 
doi:10.1145/1150402.1150464

 HOW TO FIT NEURAL NETWORKS ON FPGA  13
M.LIU

(ENERGY) EFFICIENT NEURAL NETWORKS �14

1. Compression 
‣ Maintain high performance while removing redundant 

synapses and neurons  

2. Quantization 
‣ Reduce precision from 32-bit floating point to 20-bit, 8-bit, …

3. Parallelization/Reuse 
‣ Balance parallelization (how fast) with resources needed  

(how costly)
Further reading: arXiv:1510.00149

CHAPTER 3. PRUNING DEEP NEURAL NETWORKS 20
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Figure 3.1: Pruning the synapses and neurons of a deep neural network.

the connections that have been removed. The phases of pruning and retraining may be repeated
iteratively to further reduce network complexity. In e!ect, this training process learns the network
connectivity in addition to the weights — this parallels the human brain development [109] [110],
where excess synapses formed in the first few months of life are gradually "pruned", with neurons
losing little-used connections while preserving the functionally important connections.

On the ImageNet dataset, the pruning method reduced the number of parameters of AlexNet
by a factor of 9! (61 to 6.7 million), without incurring accuracy loss. Similar experiments with
VGG-16 found that the total number of parameters can be reduced by 13! (138 to 10.3 million),
again with no loss of accuracy. We also experimented with the more e"cient fully-convolutional
neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very
thin fully connected layers. From these experiments we find that they share very similar pruning
ratios before the accuracy drops: 70% of the parameters in those fully-convolutional neural networks
can be pruned. GoogleNet is pruned from 7 million to 2 million parameters, SqueezeNet from 1.2
million to 0.38 million, and ResNet-50 from 25.5 million to 7.47 million, all with no loss of Top-1 and
Top-5 accuracy on Imagenet.

In the following sections, we provide solutions on how to prune neural networks and how to
retrain the pruned model to recover prediction accuracy. We also demonstrate the speedup and
energy e"ciency improvements of the pruned model when run on commodity hardware.

3.2 Pruning Methodology

Our pruning method employs a three-step process: training connectivity, pruning connections,
and retraining the remaining weights. The last two steps can be done iteratively to obtain better
compression ratios. The process is illustrated in Figure 3.2 and Algorithm 1.

[https://arxiv.org/abs/1804.06913]

Efficient NN design: compression

10

Fully parallelized  
(max DSP use)

compression
Number of DSPs available

•Neural Network compression is a widespread technique to reduce the size, energy 
consumption, and overtraining of deep neural networks 

•Several approaches in literature [arxiv.1510.00149, arxiv.1712.01312, arxiv.1405.3866, arxiv.1602.07576, 
doi:10.1145/1150402.1150464] 

eg, tensorflow sparsity toolkit 
iteratively remove low magnitude 
weights, starting with 0 sparsity, 
smoothly increasing up to the set 
target as training proceeds

https://arxiv.org/abs/1804.06913
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First paper demonstrated a fully connected NN in 100 ns.
HLS4ML in CMS
Run 3: muon momentum regression in CMS
More models demonstrated for Phase-2 trigger upgrade TDR
Advanced models:
binary/ternary, CNNs, RNNs, auto-encoders. Support for Graph Neural 
Network Models  
Advanced Pruning/quantization:
Quantization-aware training with QKeras/Quantization-aware pruning
On ASICs and Low power devices.

For latest status: please check hls4ml website, CPAD 2021 talk,
Try it out: hls4ml tutorials

https://arxiv.org/abs/2102.11289
https://arxiv.org/abs/2102.11289
https://fastmachinelearning.org/hls4ml/
https://indico.fnal.gov/event/46746/contributions/210997/attachments/141316/177896/hls4ml-cpad21-ngadiuba.pdf
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6

Bring DL to FPGA for L1 trigger with

high level synthesis for machine learning

•User-friendly automated tool 
•Easy to tune the inference performance for your specific application: 

precision, resource vs latency/throughput tradeoff 

•Can be used as API 
•Includes several debugging utilities 

•Most common DL layers and  
activation functions supported


