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The computing conundrum
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Energy frontier: HL-LHC
• 10× GDWD�YV��5XQ�����ĺ�H[DE\WHV
• 200PU (vs. ~30PU in Run 2)
• CMS upgrades: (similar for ATLAS)
o 15× increase in pixel channels
o 65× increase in calorimeter channels

HEP Computing Challenges

2Kevin PedroCHEP 2019

136PU event (2018)

Intensity frontier: DUNE

• Largest liquid argon detector 
ever designed

• ~1M channels, 1 ms integration 
time w/ MHz sampling
ĺ�����SHWDE\WHV�\HDU

CPU needs for particle physics will increase by
more than an order of magnitude in the next decade

2017 JINST 12 C01042

Figure 7. Event display of a simulated high pT jet in the HGCAL with 140 pileup overlayed. Courtesy of
Lindsey Gray [9].

Figure 8. Electron identification e�ciency and fake rate (left) and jet energy resolution (right) in the
simulation comparing current detector with upgraded one in high pileup environment.
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Compute needs growing by more than 10x 
Environments ge!ing more complex 

Need more sophisticated analysis techniques

A quest for accelerated Machine Learning inference

Offline

DNT!Ijhi!Hsbovmbsjuz!
Dbmpsjnfufs!Sfdpotusvdujpo

Machine learning
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Observed (Q, U) Reconstructed (E, κ)

Energy Intensity Cosmic

A. Himmel, E. Niner, F. Pshihas et al. 
https://arxiv.org/abs/1604.01444 

1st deployed in oscillation analysis 
https://arxiv.org/abs/1703.03328 

NOνA event classification Identification of boosted Higgs jet 
decay to two bottom quarks

Reconstruction of CMB polarization 
map from Stokes parameters

J. Duarte et al.,  CMS DP-2018/046 J. Caldeira, B. Nord, et al.,  
https://arxiv.org/abs/1810.01483

Deep learning 
improvement: 

Effective 40% 
increase in 

NOνA active 
volume

2X increase in 
signal 

efficiency over 
“shallow” 
learning

50% less noise vs. traditional methods 
across large range of scales 

Ifbwz!gmbwps!kfu!
ubhhjoh

Accelerated machine learning opens up AI application 
domain in real-time system and offers novel solutions to computing challenges. See 

white paper fast ml workshop 2019.

https://fastmachinelearning.org/images/coproc_whitepaper_v0.pdf
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Offline

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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Offline 
Analysis

Hardware 

Trigger

Discussed in the fast ML co-
processor group

Accelerated ML for HLT/offline
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#Trending in Industry: Heterogeneous Computing 4

HARDWARE ALTERNATIVES �11

FPGAs

EFFICIENCY

Control 
Unit 
(CU)

Registers

Arithmetic 
Logic Unit 

(ALU) + + + +

+ +
+

Silicon alternatives

FLEXIBILITY

CPUs GPUs
ASICs

Advances driven by
big data explosion 
& machine learning 



M.LIU#Heterogeneous Computing Paradigm 5aaS or direct connect

37

COPROCESSOR  
(GPU,FPGA,ASIC)

COPROCESSOR  
(GPU,FPGA,ASIC)

COPROCESSOR  
(GPU,FPGA,ASIC)

COPROCESSOR  
(GPU,FPGA,ASIC)

COPROCESSOR  
(GPU,FPGA,ASIC)

Pros:  
less system complexity 

no network latency 

Pros:  
scalable algorithms 

scalable to the grid/cloud 
Heterogeneous heterogeneity (mixed hardwares)
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Published in CSBS

Brainwavefull story

GQHB

Services for Optimized Network Inference on Co-processors

Question:
Can we/How can we take advantage of 

heterogenous computing as-a-service for our big 
data problems?

SONIC

JET VISION? �32

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

▸ Jet images = pixelated versions of 
calorimeter hits in 2D (η, ϕ)

vs.

top jet QCD jet (on average) (on average)

JET VISION? �32

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

▸ Jet images = pixelated versions of 
calorimeter hits in 2D (η, ϕ)

vs.

top jet QCD jet (on average) (on average)

QCDTop 

https://arxiv.org/abs/1904.08986
https://customers.microsoft.com/en-us/story/724137-fermilab-led-team-tests-azure-ai-for-particle-physics-data-challenge
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Proof of concept: as-a-service approach 7

Speed of light→10 ms

External 
processing

CMSSW 
module acquire(

FPGA, 
GPU, etc.

produce(

Eve
nt 

da
ta Callback

Event data Callback

Test integrated in CMS software stack



M.LIUSONIC: latest explorations in the fast-ml group

Ibsexbsf!
qmbugpsnt

GPU-as-a-service at the LHC
https://arxiv.org/abs/2007.10359

GPU-as-a-service for DUNE
https://arxiv.org/pdf/2009.04509.pdf

https://arxiv.org/pdf/2009.04509.pdf


M.LIU M.LIUAlgorithm complexity… at the LHC

CMS Hadronic Calorimeter channel 
regression

2k parameters 10 M parameters

FACILE DeepCalo* ResNet

ECAL cluster 
regression

top quark image 
classification 

20

Bmhpsjuin!
dpnqmfyjuz

Ibsexbsf!
qmbugpsnt

 

More benchmarks driven by use cases 
to test scaling for HLT/offline

GPU-as-a-service for DUNE
https://arxiv.org/pdf/2009.04509.pdf

GPU-as-a-service
https://arxiv.org/abs/2007.10359

SONIC: latest explorations in the fast-ml group

https://people.ece.uw.edu/hauck/publications/FaaST_ML.pdf
https://arxiv.org/pdf/2009.04509.pdf
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Ibsexbsf!
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FPGA-as-a-service Toolkit

hls  4  ml

hls4ml

HLS  4  ML
GPU-as-a-service for DUNE

https://arxiv.org/pdf/2009.04509.pdf

GPU-as-a-service
https://arxiv.org/abs/2007.10359

Bmhpsjuin!
dpnqmfyjuz

More benchmarks driven by use cases 
to test scaling for HLT/offline

SONIC: latest explorations in the fast-ml group

https://people.ece.uw.edu/hauck/publications/FaaST_ML.pdf
https://arxiv.org/pdf/2009.04509.pdf


M.LIUFuture prospects
Co-processor group: Integrating heterogeneous computing resources across HEP 
experiments  

Next: 
More proof-of-concept studies: 

SONIC in High Performance Computers (HPCs) 
: Most studies performed using Cloud services/on-premises clusters 
Non-ML based approach with SONIC 
: the as-a-service approach can be extended  

Expect more discussions on integration in experiment production systems 
: processing for full-scale protoDune-SP reconstruction, integration in CMS 
software and production system, identify bottlenecks in software, tools & 
resources. 

Type B meeting in the fast ML meeting series: 10 AM Fridays (CDT) 
https://indico.cern.ch/category/11844/ 
Hope to have continuous discussions on topics in today’s workshop
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Graph Neural Networks in Particle Physics 3

in astrophysics are typically bigger, with size up to kilometers (IceCube, Antares, ...)

constructed around a single measurement technology, the data is therefore homogeneous.

In both cases, the measurements are inherently sparse in space, due to the design of the

geometry of the sensors. The measurements therefore do not a-priori fit homogeneous,

grid-like data structures.

Deep learning is often applied on high level features derived from particle physics

data [1]. This can improve over more classical data analysis methods, but does not use

the full potential of deep learning, which can be e↵ective when operating on more low

level information.

(a)

(b)

(c) (d)

Figure 2. HEP data lends itself to being represented as a graph for many applications:
(a) clustering tracking detector hits into tracks, (b) segmenting calorimeter cells, (c)
classifying events with multiple types of physics objects, (d) jet classification based on
the particles associated to the jet.

Some data in particle physics can be fractionally interpreted as images and hence

BJ!Bmhpsjuint
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Graph Neural Networks in Particle Physics 3
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constructed around a single measurement technology, the data is therefore homogeneous.
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Figure 2. HEP data lends itself to being represented as a graph for many applications:
(a) clustering tracking detector hits into tracks, (b) segmenting calorimeter cells, (c)
classifying events with multiple types of physics objects, (d) jet classification based on
the particles associated to the jet.

Some data in particle physics can be fractionally interpreted as images and hence

Accelerated discoveries with Real-Time AI

Offline

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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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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Co-processor meeting

hls  4  ml

hls4ml

HLS  4  ML
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M.LIUThroughput

FACILE DeepCalo ResNet

13

10 batch 10 batch
T4:V100 

16000 batch

1 GPU serverFermilab
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re-write physics 
algorithms for new 

hardware

Language: OpenCL, 
OpenMP,TBB, HLS, …?
Hardware: FPGA, GPU

re-cast physics 
problem as a machine 

learning problem
Language: C++, Python

(TensorFlow, PyTorch,…)

Hardware: FPGA, GPU,ASIC

Tracking with ML
• Algorithms parallelizable
• Solutions with ML e.g., 

HEP.TrkX.

Charged particle Tracking
With graph neural networks

Parallelized and Vectorized 
Tracking Using Kalman 
Filters

• e.g.On GPUs

Given a heterogenous computing hardware:

https://arxiv.org/pdf/1810.06111.pdf
https://arxiv.org/pdf/1810.06111.pdf

