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▸ HL-LHC will reach 1 exabyte of data per year
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▸ CPU needs for particle physics will increase by more 
than an order of magnitude in the next decade
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▸ Options to tackle the computing issues

1. Rewrite our algorithms from  
the ground-up to take  
advantage of HPCs,  
multicore CPUs, GPUs, FPGAs, or ASICs

▸ example: mkFit parallelized/vectorized Kalman filter 

2. Recast our physics problem as a machine learning 
problem

▸ example: HEP.TrkX     work with graph neural networks

▸ pros: industry does the heavy lifting for us



Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.

2

BIG NETWORKS COMPARED TO HIGH ENERGY PHYSICS �6

▸ ResNet-50 representative of the size of network we will need 
to aid reconstruction at HL-LHC or DUNE

ResNet-50 
8 G-Ops 

25 M parameters 

deep boosted jet 
50 M-Ops 

500 k parameters 
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▸ Deep convolutional neural network with 50 hidden layers

▸ Trained to identify 1000 categories of natural objects

ResNet-50

input

output
whippet 0.4705

Italian greyhound 0.1953
Rhodesian ridgeback 0.1801

Staffordshire bullterrier 0.0377
basenji 0.0318

⋮ ⋮

Typical runtime on laptop  
(or CMS CPU): ~2 s
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versions of calorimeter hits in 2D (η, Φ)
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▸ Re-train ResNet-50 to identify the origin of jets 

▸ Inputs are jet images = pixelated  
versions of calorimeter hits in 2D (η, Φ)

ResNet-50

input

output

( top jet 0.9757
QCD jet 0.0243)

top jet

vs.

State-of-the-art performance (even with “quantized” model)!

https://arxiv.org/abs/1902.09914


0 20 40 60 80

0

10

20

30

40

50

60

70

Top View
⌫e CC Event

0 20 40 60 80

0

10

20

30

40

50

60

70

Side View
⌫e CC Event

0

20

40

60

80

100

0

20

40

60

80

100

0 20 40 60 80

0

10

20

30

40

50

60

70

Top View
⌫⌧ CC Event

0 20 40 60 80

0

10

20

30

40

50

60

70

Side View
⌫⌧ CC Event

0

20

40

60

80

100

0

20

40

60

80

100

0 20 40 60 80

0

10

20

30

40

50

60

70

Top View
⌫µ CC Event

0 20 40 60 80

0

10

20

30

40

50

60

70

Side View
⌫µ CC Event

0

20

40

60

80

100

0

20

40

60

80

100

NEUTRINO VISION WITH RESNET-50 �9

▸ ResNet-50 can also classify neutrino events to reject cosmic ray 
backgrounds (events above selected with prob. > 0.9) 

▸ NOvA: first particle physics experiment to publish a result using 
a CNN (arXiv:1604.01444, arXiv:1703.03328) 

▸ CNN inference already dominates neutrino reconstruction time!

https://arxiv.org/abs/1604.01444
https://arxiv.org/abs/1703.03328


WHY ACCELERATE INFERENCE? �10

▸ DNNs are trained once/year/algorithm 

▸ Cloud GPUs or HPCs are good options 

▸ Once trained, inference run billions of times  
in simulation, reconstruction, trigger,  
analysis, … 

▸ Inference as a service 

▸ Seamless integration into existing computing model 

▸ Minimize dependence on specific hardware
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Industry Focus



#TRENDING IN INDUSTRY �12

Catapult/Brainwave
Specialized co-processor hardware 
for machine learning inference

(2)#

(2)#

(2)#

#5+%

#5+%

!12
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computing and network 

▸ Re-train supported networks* to 
optimize for different tasks

MICROSOFT BRAINWAVE �13

Catapult ISCA (2014)

▸ Supported networks* 

▸ ResNet-50 

▸ ResNet-152 

▸ DenseNet-121 

▸ VGGNet-16

https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/Catapult_ISCA_2014.pdf


▸ Event-based processing 

▸ Events are complex with hundreds of “products” 

▸ Load one event into memory; execute all algorithms 

▸ Most applications not well-suited for large batches  
(needed for best GPU performance)

PARTICLE PHYSICS COMPUTING MODEL �14



▸ New CMS software feature ExternalWork 

▸ Asynchronous task-based processing 
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▸ New CMS software feature ExternalWork 

▸ Asynchronous task-based processing 

▸ Non-blocking: schedule other tasks during external 
processing

▸ Can be used with GPUs, FPGAs, cloud, …

ACCESSING HETEROGENOUS RESOURCES �15

External 
processing

CMSSW 
module acquire()

FPGA, 
GPU, etc.

produce()

Eve
nt d

ata Callback



‣ Services for Optimized Network Inference on 
Coprocessors (SONIC) 
‣ Convert experimental data into neural network input 
‣ Send neural network input to coprocessor using 

communication protocol 
‣ Use ExternalWork for asynchronous requests 

‣ Currently supports: 
‣ gRPC communication protocol 
‣ TensorFlow with inputs sent as TensorProto (protobuf)

SONIC IN CMS SOFTWARE �16

!16

https://github.com/hls-fpga-machine-learning/SonicCMS
https://github.com/hls-fpga-machine-learning/SonicCMS
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• Cloud service has latency

• Run CMSSW on Azure cloud machine
→ simulate local installation of FPGAs
(“on-prem” or “edge”)

• Provides test of “HLT-like” performance
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and there is a vast amount of research on specialized hardware for machine learning that the
particle physics community can take advantage of

• Often machine learning algorithms are quite parallelizable making them amenable to accelera-
tion on specialized hardware. This is not always true of physics-based algorithms, or perhaps
they would have to be re-written to accommodate new, and often changing, computing hardware

We therefore focus on ML acceleration in our study. Of course, to fully capitalize on the ML-focused
hardware developments, we rely on the continued research and development of ML applications for
particle physics tasks. However, given recent work across many neutrino and LHC experiments []
and initiatives such as the HepTrkX [] and Tracking ML Kaggle Challenge [], machine learning
applications across particle physics is growing rapidly.

The other important aspect is to understand is how to integrate FPGA co-processors into the parti-
cle physics computing model without disrupting the current multi-threaded parallel module processing
paradigm. A natural method for integrating heterogeneous resources is via a network service []. This
client-server model is flexible to be used locally by a single user or within a computing farm where a
single thread communicates with the server via Remote Procedure Calls (RPC) sending information as
protocol bu�ers. In our particular case, the gRPC package [] interfaces with Brainwave system. With
this setup, we now define a communication method between FPGA co-processor resources and our
primary experimental computing CPU-based data centers. This is illustrated in Fig. 4 where a module
running on our experimental compute farm requires fast inference of a particular ML algorithm via
an RPC. At the moment, we test the performance of a single task which makes a request to a single
cloud service. However, scaling up the number of requests is natural for the Brainwave system which
is capable of load balancing of service requests []. In the next section, we study the performance of
this computing stack and compare it to other results in the literature.

Network input

Datacenter (CPU farm)

CPU FPGA

Prediction

Experimental 

Software

gRPC protocol Heterogeneous  
Cloud Resource

Figure 4: An illustration of FPGA-accelerated machine learning cloud resources integrated into the
experimental physics computing model as a service

One may also consider a case where the FPGA co-processor resources are physically on the
same farm as the CPUs, as a so-called edge compute resource. This is illustrated in Fig. 5. In this
scenario, the same gRPC interface protocols are used to communicate with the FPGA hardware and

– 5 –

the software access for fast inference is unchanged. To benchmark this scenario, we run our particle
physics applications on a virtual machine (VM) on the cloud datacenter. Again, results are presented
in the following section.

CPU
FPGA

Heterogeneous  
“Edge” Resource

gRPC
 protocol

Experimental 
software

Figure 5: An illustration of FPGA-accelerated machine learning edge resources integrated into the
experimental physics computing model as a service

Describe the Resnet-50 deployment. The service is defined in two steps: a featurizer step which
is performed on the FPGA, and the classifer step, which is performed on the CPU.

– 6 –

CLOUD VS. EDGE �17

!17

‣ Cloud service has latency
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‣ Cloud service has latency
‣ Run CMSSW on CPU in 

FPGA datacenter  → emulate 
local installation of FPGAs  
(“on-prem” or “edge”) 
‣ Test of ultimate perf.
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‣ Remote: FNAL (IL) to Azure (VA)                  ‹time› = 60 ms 
‣ Highly dependent on network conditions

‣ On-prem: run CMSSW on Azure                    ‹time› = 10 ms 
‣ on FPGA: 1.8 ms for inference 
‣ Remaining time used for classifying and I/O

Log x-axis Linear x-axis



SONIC LATENCY: SCALING �19

!19

‣ N simultaneous processes, sending 1 request to 1 Brainwave 
service 

‣ Processes only run SONIC → “worst case” scenario 
‣ Standard reconstruction has many other non-SONIC modules 

‣ Moderate increases in mean, std. dev., and long tail for latency 
‣ Stable up to N = 50

Mean ± std. dev. Violin plot
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‣ Each process evaluates 5000 jet images in series 
‣ Consistent total time for each process to complete  

(good load balancing)

Violin plot
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!20

‣ Each process evaluates 5000 jet images in series 
‣ Consistent total time for each process to complete  

(good load balancing)
‣ Compute inferences per second as (5000 ∙ N)/(total time) 
‣ N = 50 fully occupies FPGA 
‣ Throughput up to ~660 inferences per second

Violin plot Mean ± std. dev.
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!21

‣ Standard CMS CPU: 5 min to import ResNet-50, then 1.75 
s/inference

‣ 1-core better CPU: 500 ms/inference (best achievable 
reference given computing model in CMS)

‣ 8-core better CPU: 200 ms/inference

SONIC latency with Brainwave



GPU PERFORMANCE �22

!22

‣ GPU: NVIDIA GTX 1080, TensorFlow v1.10, connected to 
CPU via PCIe
‣ TF built-in version of ResNet-50 (better optimized)
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GPU PERFORMANCE �22

!22

‣ GPU: NVIDIA GTX 1080, TensorFlow v1.10, connected to 
CPU via PCIe
‣ TF built-in version of ResNet-50 (better optimized)
‣ batch size   1:     7 ms/inference & 143 inferences/s
‣ batch size 32: 1.5 ms/inference & 667 inferences/s

SONIC latency with Brainwave

SONIC 
throughput  
with  
Brainwave



PERFORMANCE COMPARISONS �23

!23

‣ *CPU performance depends on 
‣ clock speed, TensorFlow version, # threads (=1 here) 

‣ **GPU caveats 
‣ Directly connected to CPU via PCIe — not as a service 
‣ Depends on batch size & optimization of ResNet-50 network 

‣ Brainwave + SONIC achieves 
‣ 175× (30×) on-prem (remote) better latency vs. CMS CPU! 
‣ Competitive throughput vs. GPU with single-image batch as a service!

Type Note Latency [ms] Throughput [inf./s]

CPU*
Xeon 2.6 GHz 1750 0.6

i7 3.6 GHz 500 2

GPU**
batch = 1 7 143

batch = 32 1.5 667

Brainwave
remote 60 660

on-prem 10 (1.8 on FPGA) 660
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▸ Particle physics experiments face extreme computing 
challenges

▸ Growing interest in big deep learning models for reconstruction 
and analysis

▸ FPGAs can accelerate neural network inference 

▸ Achieve order of magnitude improvement in latency over CPU 

▸ Comparable throughput to GPU without batching

▸ SONIC infrastructure (gRPC + TensorFlow) developed and tested

▸ Thanks to Microsoft Azure Machine Learning, Bing, and Project 
Brainwave teams! 

▸ Doug Burger, Eric Chung, Jeremy Fowers, Daniel Lo,  
Kalin Ovtcharov, and Andrew Putnam

SUMMARY �25
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▸ Design more machine learning algorithms for physics 

▸ Easier to accelerate inference with commercial coprocessors

▸ Develop tools for generic model translation 

▸ e.g. graph NNs used for HEP.TrkX and other projects

▸ Explore broad offerings of potential hardware 

▸ Google TPUs, Xilinx ML suite on AWS, Intel OpenVINO, …

▸ Build infrastructure and study scalability/cost 

▸ Adapt SONIC to handle other protocols, other network 
architectures and ML libraries, other experiments 

OUTLOOK �26



VISION OF THE FUTURE �27

“Edge” instanceFeynman Computing Center, Fermilab

▸ Single FPGA can support many CPUs → cost-effective 

▸ SONIC throughput results indicate 1 FPGA for 100–1000 
CPUs running realistic processes 

▸ Install small “edge” instances at T1s and T2s 

▸ Dedicated instance for CMS HLT farm at CERN



BACKUP

JAVIER DUARTE 
APRIL 2, 2019 
CONNECTING THE DOTS 
VALENCIA, SPAIN
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▸ Today, ML is enabling better trigger, reconstruction,  
and analysis at the LHC

▸ At the same time, we must plan how we will overcome  
challenges in the next generation of colliders

▸ ML may be a way out
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Two-photon events in CMS



NEXT-GEN (HIGH-LUMINOSITY) LHC: FAST FACTS �30

▸ Planned to begin in 2026 and collect 10× more data 
▸ More dense collisions by a factor of 5 
▸ Detectors will be upgraded to deal with increased collision 

complexity & provide more granular information  
▸ All factors contribute to our “big data” challenge



HL-LHC AND PILEUP 4

PILEUP IS THE GREATEST EXPERIMENTAL CHALLENGE GOING FORWARD,  
IT AFFECTS EVERYTHING. 

• detector design, object performance and physics sensitivity 
radiation damage to detectors, degrades energy/position measurements, lost untriggered events forever 

2016: <PU> ~ 20-50 
2017 + Run 3: <PU> ~ 50-80 

HL-LHC: 140-200

Multiple pp collisions in the same beam crossing 
To increase data rate, squeeze beams as much as possible

�31CHALLENGE: PILEUP

▸ At high luminosity, many collisions happen simultaneously (pileup)! 

▸ Pileup makes our data more complex and noisy



�32CHALLENGE: NEW DETECTORS 

▸ High Granularity Calorimeter will provide 3D information of a 
particle shower as it evolves

Jan 19, 2018CMS HGCal upgrade Huaqiao Zhang @ HKUST

The HGCal Geometries

11

• HGCal

§ Ecal + Hcal

• Ecal (CE-E)

§ 28 layers Si + W/Pb/Cu

§ 25 X0 & ~1.3l

• Hcal (CE-H)

§ 24 layers Si/Scintillator

+ Stainless Steel

§ ~8.5l

• Total Silicon:

§ 600 m2

• Total scintillator

§ 500 m2

• 6 M Channels

V

V



Arabella Martelli 19/05/17

the 3D imaging clustering
• Reconstruction: need to separate individual particles in high pile-up environment 
• Current algorithm: imaging-clustering*  

=> best suited for the high granularity offered by the HGCal 
- builds 2d-clusters (each layer)  

based on the energy-density  
of the cells (energy and distance) 

- associate 2d-clusters aligned  
along the shower axis  
over different layers 

• Extendable to more than two dimensions:  
- 3d spatial clustering already showed improvements => exploit full spatial correlation of the 

shower development 

• * inspired by: [A. Rodriguez, A. Laio, “Clustering by fast search and find of density peaks”,  
                                                                       Science 344 (6191), 1492-1496. (June 26, 2014)] 8

Status of EK+ HE Reco

Michalis Bachtis
(CERN-PH)

Upgrade TP meeting
On behalf of the GED working team 

26/11/14
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topology
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FPGAS: REPROGRAMMABLE HARDWARE �33

‣ Pros: ALL FPGA ARCHITECTURE 16

FPGA 
“programmable hardware” 

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

LUTs (logic) 
Block RAMs (memories)

Typical modern FPGA: 

(Kintex ultrascale+)

1.3M FFs 

700k LUTs

5500 DSPs 

2200 BRAMs

O(50-100) optical 
transceivers 

running at  

~O(15) Gbs
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or store memory (BRAM)

‣ High throughput: O(100)  
optical transceivers running  
at O(15) Gbs

‣ Massively parallel

‣ Low power

‣ Cons:

‣ Requires expert knowledge to program (using VHDL/Verilog)

ALL FPGA ARCHITECTURE 16
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�34TODAY’S RECONSTRUCTION IN 200 PILEUP

▸ Current tracking (most CPU intensive part) algorithms scale worse 
than quadratically O(N2), N=hits 

▸ Can we accelerate them with new hardware?
A. Salzburger - CHEP2018

LHC Run-1 LHC Run-2LS 1 LS 2 LHC Run-3

From CHEP2015        to CHEP2018

�5

<µ> ~ 40

optimisation A

rewrite/redesign B

New challenge: HL-LHC
2026: HL-LHC (High-Luminosity-LHC)

○ increased event rates (up to x10)
○ more complex events (up to μ=200, better detector)

Current algorithms of [at least] quadratic complexity: 
O(N2), N=hits

5
μ (mu): the average number of visible pp interactions per bunch crossing



�35JETS IN CMS (RECAP)

▸ Quarks and gluons from H→bb decay become jets of 
charged and neutral hadrons

▸ Cluster the 
tracks and 
energy into a 
cone-shaped jet 

η
ϕ

pT



�36AN ANALOGY

Hard problem: Chess

Introduction to Machine Learning in Particle PhysicsJ. Gainer

• Expert systems are the result of an approach to AI also called 
“symbolic AI” or “good old-fashioned AI”

• “symbolic” because based on rules/ equations (manipulation 

of symbols with assigned meanings)

• “good old-fashioned” because dominant approach in  

1970’s - 1990’s

• Figure out how to solve problems and tell the computer

• Example: Chess 

 
 
 
 
 

�4

What are Expert Systems?
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Hard problem: Chess

Introduction to Machine Learning in Particle PhysicsJ. Gainer

• Expert systems are the result of an approach to AI also called 
“symbolic AI” or “good old-fashioned AI”

• “symbolic” because based on rules/ equations (manipulation 

of symbols with assigned meanings)

• “good old-fashioned” because dominant approach in  

1970’s - 1990’s

• Figure out how to solve problems and tell the computer

• Example: Chess 

 
 
 
 
 

�4

What are Expert Systems?

Solution: deep learning

Solution: rule-based system  
based on expert human knowledge

Harder problem: Go

Discoveries 
@ past 

colliders

Discoveries  
@ future  
colliders



JET VISION �37

▸ Re-train ResNet-50 to identify the 
origin of jets 

▸ Inputs are jet images = pixelated 
versions of calorimeter hits in 2D (η, Φ)

vs.

Note: averaged over 10k jets; 1 jet gives a sparse image
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proton-proton collider @ 13 TeV center-of-mass energy
4 interaction points

40 million collisions / second
trigger selects ~1000 collisions / second

p p

CMS

~10 cm



NEURAL NETWORK (RECAP) �39

ℓk
j = ϕ (∑i wijℓk−1

i + bj)▸ Classic fully connected  
architecture 

▸ Each input multiplied by a 
weight 

▸ Weighted values are 
summed, bias is added 

▸ Nonlinear activation 
function is applied 

▸ Trained by varying the 
parameters to  
minimize a loss  
function (quantifies  
how many mistakes  
the network makes)

ℓk−1
i

wij ℓk
j

A sufficiently “wide” neural network  
can approximate any function!
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‣ Step 0: Define the problem (choice of loss function)  
 
 
 

‣ Step 1: Acquire lots of labeled data and split into training 
and testing sets

‣ Step 2: Select input features
‣ Step 3: Explore/train different neural network 

architectures
‣ Step 4: Evaluate performance

L = −y log(p) + (1−y)log(1−p)
y = 0 (background) or 1 (signal) 
p = output of our NN (probability of signal)

if p ~ y,     L ~ 0 (correct!)  
if p ~ 1-y, L ~ ∞ (incorrect!)
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CASE STUDY FOR THE TRIGGER: JET TAGGING �41

‣ Use machine learning to classify jets in the trigger

16 inputs

64 nodes

32 nodes

32 nodes

5 outputs

Smaller NN correctly identifies jets 70-80% of the time



DESIGN EXPLORATION WITH HLS4ML �42

compressed 
model

Keras 
TensorFlow 

PyTorch 
…

tune configuration
precision 


reuse/pipeline

HLS  
project

HLS  
conversion

Co-processing kernel

Custom firmware 
design

model

Usual ML  
software workflow

hls  4  ml

hls4ml

HLS  4  ML

‣ Tool called hls4ml for physicists or ML experts to translate ML 
algorithms into FPGA firmware
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