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https://www.youtube.com/watch?v=JBqJH5NLMoA



https://www.youtube.com/watch?v=JBqJH5NLMoA
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Experimental result

@ Computational prediction

sequence—the structure prediction component of the ‘protein folding problem’®—has
been animportant open research problem for more than 50 years’. Despite recent
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100 million jets for training

o«! H — bb

41 t — bqq’

oot H — lvqq’

Accuracy params
PEN 0.772 86.1k
P-CNN 0.809 354k
ParticleNet 0.844 370k
ParT 0.861 2.14M
ParT (plain) 0.849 2.13M
o« H — cc «1 H — gg o1 H — 4q
1 t — blv 1T W — qqA: “1 4 — qq

0.4 1 q/g

"Particle Transformer For Jet Tagging" H. Qu, C. Li, S. Qian



https://arxiv.org/abs/2202.03772

GPT-3  GPT-4 (MoE)

175,000,000,000 1,800,000,000,000

(0.16% of neurons in your brain) (1.6% of neurons in your brain)



semianalysis 2023

Train (GPT-4):

» 2.1525 floating point operations
» ~25,000 A100 GPUs

* 90-100 days

+ $63 million

* Trained on 13 trillion tokens


https://www.semianalysis.com/p/gpt-4-architecture-infrastructure

semianalysis 2023 ChatGPT 4o

I'm looking for a really good Svensken, Dansken
and Nordmannen joke. Could you help me?

Certainly! Here's a classic "Svensken, Dansken, och Nordmannen" joke:

"3 , v 52V
" ) | | ’ 4
. .; i ’ ‘.l “ - .
. e : Y L gt Svensken, Dansken, and Nordmannen were stranded on a desert
x 3 '” S T - 2 i1 island. They found a bottle, rubbed it, and out popped a genie.
o ! "” =
* : o
- The genie said, "I'll grant each of you one wish."
: Svensken said, "l wish | was back in Stockholm, sitting at my favorite
- . S café with a cold beer."
: ¥ s ‘W%
- e == E E )
Poof—he was gone.
: ‘ Dansken said, "l wish | was back in Copenhagen, enjoying a hot dog and
1. n i o. == 8} B §
- > . -4 -4 a Carlsberg."
. zZ ’ .o | \ ; S
) = . T : : -9 Poof—he was gone.
# i
4 ' 3 R
o N § ' " Nordmannen looked around an”’ ~aid, "I'm feeling lonely. | wish

Svensken and Dansken were back here with me!"

Train (GPT-4): Inference (GPT-4):

» 2.1525 floating point operations » Multiple clusters of 128 GPUs

» ~25,000 A100 GPUs » Model carefully mapped onto hardware
* 90-100 days

* $63 million

 Trained on 13 trillion tokens



https://www.semianalysis.com/p/gpt-4-architecture-infrastructure

GPT-3

v

175,000,000,000
FP16 vs FP32

Range Accuracy ~700 GB

1 3 23
-+ S o0 0000005 (1758 x 48/par)

— 0(107)> single GPU memory

'1 5 10
-»16 5 ISRV

6x10 - 6x10* 0.05% — ~350 GB

(175B x 2B/par)
— 11 NVIDIA V100 ($10 000/ea)



Al and Memory Wall

10TB Baidu RecSys

10000 @
Transformer Size: 240x / 2 yrs 2TB Baidu RecSys
. @
1000 Al HW Memory: 2X [ 2 yrs GShard
c
2 GPT-3
— O
@ 3100
=
= Microsoft T-NLG
o A100-80 (80GB
U MegatronLM @ ®
qh) 10 S ®
o @ V100 (32GB) @ TPUv3 (32GB) AL00 (4000
& @ TPUV2 (16GB) GPT-2
© @ P100 (12GB) ® 5 of these to fit one
5_6 1 GPT-3 at inference
BTT ALBERT o time! Price: $17,00C
. GPT-1 ®
Inception V4 ResNext101 Transformer ° ELECTRA
ResNet50 DenseNet
O e ©
0.01
2016 2017 2018 2019 2020 2021
YEAR

Al & Memory Wall



https://medium.com/riselab/ai-and-memory-wall-2cb4265cb0b8

4.2
6 - —— L=(D/5.4-10%3)7%9% | o [ =(N/8.8-1013)-0076
3.9-
J 4.8-
7 |
2 . 3.6 10
§ 53 3.2
~ 3
3.0
L = (Crin/2.3 - 108)=0.050 2.4
2 —7 —5 —3 1 2./ — - — S
i0-° 1077 105 1073 10 10 08 0o 10 10 10
Compute (peta-FLOP/s-day) Data set size (tokens) Number of parameters

Kaplan et al. (2020)



4.2 1

_ . 1013)-0.095
— L=(D/5.4-10"°) 5 6 L = (N/8.8 - 1013)-0.076

« FlashAttention
' SRAM:19TB/s (20 MB)

3.9-

3.0

3.3"

Test loss

HBM: 1.5TB/s (40 GB)
3.0 ‘

L = (Cpin/2.3-108)0:050 S
, N\ E1Ta R\ (H1ale]a’A DRAM: 12.8 GB/s

fo-° 107 105 103 1071 10! %7 ) (>1TB) 109

Compute (peta-FLOP/s-day) Data se meters

Memory Hierarchy with
Bandwidth & Memory Size

Kaplan et al. (2020)


https://arxiv.org/abs/2205.14135

0(1) ms

ASIC/GPU ASIC FPGA



Low power

On-device

High-throughput

EFFICIENT ML ALGORITHMS

(Data-efficient)

Low-latency


https://arxiv.org/abs/2106.08962
https://www.tinyml.org/

Resources: 128 interconnected GPUs
Latency: 10 seconds

I'm looking for a really good Svensken, Dansken
and Nordmannen joke. Could you help me?




ips
1 millionth of a second
5% of internet traffic
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744.420271 GMTHY;37

I'm looking for a really good Svensken, Dansken

and Nordmannen joke. Could you help me?
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H

Higgs boson

Higgs: @
125 GeV ¢ f.

Masses span 9 orders of magnitude!

TeV

GeV

MeV

keV

eV

meV
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https://arxiv.org/pdf/1407.0558.pdf

cmsexperiment.web.cern.ch

Vs=13TeV:L =431 (2016)
=1 H(125) B 74X
3 gglqG—2zzy  t Data
B EW
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Events/1 GeV

We had to collide billions of protons, . —
only around 10 signal events were needed to claim discovery!



https://arxiv.org/pdf/1407.0558.pdf
https://cmsexperiment.web.cern.ch/news/using-golden-decay-channel-understand-production-higgs-boson

cmsexperiment.web.cern.ch
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We had to collide billions of protons, . —
only around 10 signal events were needed to claim discovery!



https://arxiv.org/pdf/1407.0558.pdf
https://cmsexperiment.web.cern.ch/news/using-golden-decay-channel-understand-production-higgs-boson

The
Standard
Model
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8TeV 14TeV 33 TeV 100 TeV
LHC LHC  HELHC VLHC

“Probability” of
producing “anything”

> “Probability” of
producing a Higgs

Higgs produced
~1 1n a billion collisions!

Saving all collisions not useful
[even if we could)!
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HIG-19-001
CMS Supplementary

Vs=13TeV: L = 137 fb-' (2018)
1 H(125) 7+
3 ggqd—2zzy  t Data
mE EW

Events/4 GeV
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, algorithms must be

e Fast (get more data through)
e Accurate (select the right data)
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https://cds.cern.ch/record/2668684?ln=en

8TeV 14TeV 33 TeV 100 TeV
LHC LHC  HELHC VLHC
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producing “anything”
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New Physics is produced less

than 1in a trillion (if at all) > New Physics?

Need more data!




High Luminosity LHC

New Physics is produced 1 in a trillion
e Need more collisions to observe rare processes

High Luminosity LHC
e X10 data size 5
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HL-LHC tt event in ATLAS ITK
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Run 3



Maintain physics acceptance — better detectors

CMS High Granularity (endcap) calorimeter
e X20 times more readout channels (6.5 million!!)

More collisions
More readout channels

CMS HGCAL TDR



http://home.fnal.gov/~chlebana/CMS/TDR-17-007-paper-v5.pdf

Run 4 (u=88-140) Run 5 (u=165-200)

CMS Public
Total CPU
2022 Estimates
—— No R&D improvements
-®- Weighted probable scenario
== = 10 to 20% annual resource increase

ATLAS Preliminary
2022 Computing Model - CPU

e Conservative R&D
v Aggressive R&D

— Sustained budget model
(+10% +20% capacity/year)
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Our current algorithms won't be able to cope with HL-
LHC data rates! Need innovation!

Can we use modern Machine Learning to
be faster
more accurate
and do more?
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Geneva

Latency O(1) ps

FPGA inference
Level-1 trigger

—

Fast inference on specialised hardware
40 MHz
~Pb/s

~ ASIC inference

HLT trigger
Latency 0(100) ms

GPU inference
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-1:

Complete re-design of Level

HL-LHC Level



HL-LHC Level-1.

Complete re-design of Level-1
e Charged particle tracks (6.4 Tb/s, 200 FPGAs])




HL-LHC Level-1.

Complete re-design of Level-1

e Charged particle tracks
e Particle Flow (40 FPGAS)

I 11
Silicon I T
Tracker il

Electromagnetic
Calorimeter

Hadron
Calorimeter

Superconducting
Solenoid Iron return yoke interspersed

with Muon chambers




HL-LHC Level-1.

Complete re-design of Level-1
e Charged particle tracks

e Particle Flow
e HGCal (4 Tb/s, 200 FPGASs)

200 II HGCal Geometry

= Generated Particles

o9 Hits
100
I Cluster Centers
y (cm)o e —
d
-100
-200
-200
-100
0 0 x(cm)
100 200 100
z(cm) 300 400 200

500



-1

HL-LHC Level

-

Complete re-design of Level

e Charged particle tracks
e Particle Flow

e HGCal

Extremely high data complexity,

Extremely little time



Silicon
Tracker

Electromagnetic™
Calorimeter

Hadron
Calorimeter

Xilinx Ultrascale+ FPGAs

CALORIMETRY- TRACKING
370 FPGAs 174 FPGAs

*54 for HGCAL only!

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEEED Im

CALORIMETRY

L PARTICLE |
FLOW.
66 FPGAS I

” retury yoke interspersed
with Muon chambers

MUONS:
96 FPGAS 5 s

Trigger
accept/reject




Processing 5

TMUX=1

TMUX=1
RS =36
FPGAS =36 | ----nneseenmnanenennnnnnsannnnnas

TMUX=18 TMUX=18
RS = 6 (phi) RS = 9 (phi)
FPGAs = 54 FPGAs = 162 5

microseconds latency

% of internet traffic

EMTF OMTF BMT-L1

TMUX=1 TMUX=1 TMUX=1
RS =12 RS =6 RS =30
FPGAs = 12 FPGAs =6 FPGAs = 60

GMT
+BMTF

s

EPcATS) EEEEEEEEN

CALORIMETRY

Correlator Layer 1

TMUX=18
RS =1
FPGAs = 18

TMUX=6
RS =6
FPGAs = 36

EEEEEE
T
EEEEEE
EEEEEN
EEEEEE
EEEEEE

Correlator Layer 2

EEEE N
EEEE N
EEEEN
EEEEN
EEEEN
EEEE N

TMUX=6
FS=5
FPGAs = 30

Trigger
accept/reject

12.5 us

Global Trigger




RS =18
FPGAs = 216 FPGAs = 18
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HEP developed
libraries for fast ML
on FPGAS

TMUX=1 TMUX=1
RS = 36 RS = 108
FPGA = 36 FPGAs = 216

TMUX=1
RS = 36

EPCATEN) EEEEEEEEN

CALORIMETRY

TMUX=18 TMUX=18 :
RS =6 (phi) | |RS =9 (phi) J
FPGAs =54 | |FPGAs =162 5
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FPGAs = 30

Trigger
accept/reject

12.5 us




Why FPGAs?



Why FPGAs?

» Latency (resource parallelism)




Why FPGAs?

* Throughput (plpellne parallellsm)

pipeline

parallelism




Latency (resource parallelism)
Can work on different parts of problem, different data simultaneously

Latency strictly limited by detector frontend buffer

High bandwidth (pipeline parallelism)

Phase 2 L1T processes 5% of total internet traffic

TRACK FINDER

Latency deterministic

CPU/GPU processing randomness, BN

ultaneously!

FPGAs repeatable and predictable latency

FPGAs = 162




Memory (BRAM]
0(2000) units

S 0 I

Digital signal processors (DSPs)

0(5,000] units Logic cells/lookup tables (LUTs)

0(1) million units



1664
+64*32
+32*32
+3275
= 4,256 synapses

Memory (BRAM]

S 0 I 0(2000] units

LUT
NIl RAM rray =

LUT
A Array I

= — ]
[ ]
[]
L] Logic cells/lookup tables (LUTs)
% O(1) million units
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Digital signal processors (DSPs)
0(5,000) units
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C/C++ Constraints/

Directives

algorithm

I

Xilinx Intel Siemens

Catapult

Vivado Vivado

Accelerator

- VHDL/Verilog
(CMS, ATLAS)

I

Firmware block



C/C++ Constraints/ —
algorithm Directives —
I © 1111
Xilinx Intel Siemens

Catapult

Vivado Vivado

HLS

Accelerator

- VHDL/Verilog
(CMS, ATLAS)

I

Firmware block




https://github.com/fastmachinelearning/hls4ml
https://fastmachinelearning.org/hls4ml/

KERAS / PyTorch / ONNX
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https://github.com/fastmachinelearning/hls4ml

K €) ONNX
PYTHRCH

g \

Model
_ (quantized/pruned)

Quantized:

€) QONNX
QFdERAS



hIs

K & ONNX

Convert model to internal

PYTHRCH representation
. . Write HLS project targeting
Model specified backend
. —
 (quantized/pruned) (configurable parallelization/
quantization)

Run emulation

Quantized: .
Run synthesis

€ QONNX

Q4ERAS Catapult HLS || gv xux [T
SIEMENS [' ] L




s,

—
Co-processing kernel
+Tenl£; & ONNX Convert model to internal /;Xilinx accelerators/SoCs)
PYT b RCH representation

. Write HLS project targeting FPGA custom designs

Model | specified backend (eg trigger algorithms)
(quantized/pruned) (configurable parallelization/ el s =i =0l wla
quantization) i R, o8

Run emulation

Quantized: |
Run synthesis

€ QONNX

QERAS Catapult HLS ["vad"mil ¥ XILINX ﬁLS )
SIEMENS | ” a VITIS. g
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 Tailored hardware for a model

 Each layer is separate compute unit

o Stay on-chip

* “Decisions are design time”

Prediction


https://arxiv.org/abs/1804.06913
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Quantization

Floating point 32:
4B numbers in [-3.4e38, +3.4e38]




Quantization

Quantising:
int8 28=256 numbers in [-128,127]

Af
scale

X, = Clip(Round( ).


https://developer.nvidia.com/blog/achieving-fp32-accuracy-for-int8-inference-using-quantization-aware-training-with-tensorrt/

Approx. Peak GOPS On-chip weights
64 000

16 000
4 000

rillions of Weights can
quantized stay entire
operations per -
second

AMD UltraScale+ MPSoC ZU19EG (conservative estimates)
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AUC / Expected AUC
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arXiv:1804.06913

Small bit width, severe drop in accuracy
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g tagger

q tagger
w tagger

Z tagger
t tagger

0.4

<8,6> <13,6> <18,6> <23,6> <28,6> <33,6> <38,6>
Fixed-point precision



https://arxiv.org/abs/1804.06913
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https://www.nature.com/articles/s42256-021-00356-5
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https://www.nature.com/articles/s42256-021-00356-5
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Quantization-aware training

o

inputArray = Input(shape=(input_shape,))

# x = BatchNormalization() (inputArray)

QDense(32, kernel initializer=tf.keras.initializers.HeUniform(),
kernel_quantizer='quantized bits(8,3,1, alpha=1.0)",
bias_quantizer='quantized_bits(8,3,1, alpha=1.0)"') (inputArray)

= BatchNormalization() (x)
= QActivation('quantized relu(bits=8)") (x)
QDense(16, kernel initializer=tf.keras.initializers.HeUniform(),

kernel_quantizer='quantized bits(8,3,1, alpha=1.0)",
bias_quantizer='quantized bits(8,3,1, alpha=1.0)") (x)

= BatchNormalization() (x)

QActivation('quantized_relu(bits=8)"') (x)

QDense(latent dim, kernel initializer=tf.keras.initializers.HeUniform(),
kernel _quantizer='quantized bits(16,6,1, alpha=1.0)",
bias_quantizer='quantized_bits(16,6,1, alpha=1.0)"', name='bottleneck') (x)
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https://www.nature.com/articles/s42256-021-00356-5

Estimating energy and size

Some layers for aggressive quantization, others require expensive arithmetic
e heterogeneous quantization


https://arxiv.org/abs/1905.03696
https://github.com/google/qkeras/tree/master/qkeras/qtools
https://ieeexplore.ieee.org/document/6757323

Estimating energy and size

Some layers for aggressive quantization, others require expensive arithmetic
e heterogeneous quantization

For edge inference, need best possible quantization configuration for
e Highest accuracy ...

e ... and lowest resource consumption \,

— hyper-parameter scan over quantizers which considers energy and accuracy simultaneously


https://arxiv.org/abs/1905.03696
https://github.com/google/qkeras/tree/master/qkeras/qtools
https://ieeexplore.ieee.org/document/6757323

Estimating energy and size

Some layers for aggressive quantization, others require expensive arithmetic
e heterogeneous quantization

For edge inference, need best possible quantization configuration for
e Highest accuracy ...
e ... and lowest resource consumption \,

— hyper-parameter scan over quantizers which considers energy and accuracy simultaneously

: Estimate QKeras model bit and energy consumption, assuming 45 nm

Model Accuracy [%] Per-layer energy consumption [pJ] Total energy |[uJ]| Total bits
Dense ReLLU Dense ReLLU Dense ReLLU Dense Softmax

BF 74.4 1735 53 3240 27 1630 27 281 11 0.00700| 61446

Q6 74.8 794 23 1120 11 062 11 99 11 0.00263 26334

Maximize accuracy + minimizing cost in hyper parameter scan over quantizers:
AutoQKeras



https://github.com/google/qkeras/blob/master/notebook/AutoQKeras.ipynb
https://arxiv.org/abs/1905.03696
https://github.com/google/qkeras/tree/master/qkeras/qtools
https://ieeexplore.ieee.org/document/6757323

DOI 10.1088/2632-2153/ac0Oeal

Example: One convolutional layer

0.950 O
As optimization progresses,
best model accuracy/size
0.925
trade-off is found! his 4 ml
- 0.900 O
O
o
3 0.875
O
(O
S 0.850
§ o 6 filters
.f—-U 0.825 O 9 filterS
> 0 ternary o 12 filters
0.800 2 O 15 filters
4 O 18 filters
0.775 6 O 21 filters
B 8 () 24 filters
0.750

1 T 1 T T T
40000 60000 80000 100000 120000 140000
total bits


https://iopscience.iop.org/article/10.1088/2632-2153/ac0ea1

Nature Machine Intelligence 3 (2021)

Dense (64)
(4,0)

\ Dense (32) Dense (32)
N Ternary (2.1)

Input (16)
(16,6) / /

Dense (5)
w: Binary b: (8.,3)

O
\

(16,6)

Softma



https://www.nature.com/articles/s42256-021-00356-5
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Brevitas and QONNX Quantized ONNX (QONNX), J. Mitrevski et. al

Brevitas
Brevitas like QKeras, but for PyTorch ,
e QAT library :
e Support most common layers and activation functions E
hls4ml collaborate with AMD/Xilinx FINN team to develop QONX E
e Introducing ‘Quant’ node to ONNX graph : o’
e Brevitas (PyTorch) and QKeras (Keras) can export QONNX E \° N
e his4ml and FINN can import QONNX : R N
v . "
&
~ N (0 R . R
chisel4ml hisdml FINN
- J W, — ),

“IFINN his 4 ml

% Planned


https://indico.cern.ch/event/1156222/contributions/5062813/attachments/2521120/4335054/QONNX%20FastML.pdf
https://github.com/Xilinx/brevitas
https://github.com/cs-jsi/chisel4ml
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before pruning after pruning

Pruning

pruning
synapses

pruning
neurons

é. a0 —-I'x-fse ! ! ! ! ! I £ ] I::-n._ane:-.
i = R n=hovieg 0 .
F model k B B model.t = -
-JJI
« Ipruning_params = {'pruning_schedule': pruning_schedble.PolynomialDecay(initial_sparsity=@.05,final_sparsity=®.5®,-q
+ - [ i
| III =L : | | ._#l%ﬁ_l 1
4.9 Ju U 1.0 v:';gqts 1.5 1.0 05 00 05 10 15

Weights



Hooker et al. (2021)

Original image
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From Brian Bartoldson

-

N
o
—
c
>
()
o

Unpruned

o

-6 1 Better!

=8 [— Reference Accuracy: 87.00%

Relative CIFAR-10 Accuracy
o

~1%0 755 60 65 70 75 80 85 90 95
Percentage of Weights Pruned

—— Baseline (Dense) Biprop (Global) —— Edgepopup (Global) Fine-Tuning
——— Gradual Magnitude Pruning —— Learning Rate Rewinding LTH

There exists a optimal network WITHIN each network (lottery ticket)
Uncover it through pruning!

Diffenderfer, Bartoldson, et al. (2021)



“ ‘/////!\}‘\"(_,,"/////IA\\_‘%M — .

K gl 4?'&\/'Ib
77 ) '4%("7AVA\‘V A"
~~~ Canwe have the best of both worlds?

(N

A\
=
p-

L '/&’

owledge Distillation

> |

Ea S N B =
T 2 \" = x : ‘ ' g
e A ~ N
= — - NS

) v
oA
(A ‘,‘/" \\*‘\Q"v
X %"zsf‘:ig%\-—v me-
L AN —
B N ‘

e
K

<< ’V

.\*‘:

= A
SREY
Sy

N\ A

NN N

S

Train Inference



Cat

Dog

A\ 'W[{{////Il =

AN \<

S ll
i
e >

i

%
9>

\

A

Q&Q AT
]
;’;/‘4 > !g 7

",

0

A
s

A

7
x

A /e
S
X
X7 A‘\ -

AN
7 AANNN Sy, VA SN e Nyl \v
S it AR
NI A
\| — W \\\\\\\\vi\\\?




AN A< 7 AL ‘
AT '
Gy ey },@"4 & ‘.‘
_ ‘V' "-\‘ A)'\
=% LA

FAY

1 //‘M V,MﬂAmﬂﬂ‘ 7 7
y \\\W%f/.,:',{{//!;\%;j//// v

2/
wr’l /// "'f

g

s ’7 ,/’ )A’Yl; ,"';”’f’.i'w‘\\‘,@
Wi i

VLol SN 7 2

A SN

i RS es
TN

KR

S RO
AT A X
IS g AN
RN < g

2
1 IR ATINSENL
Q%g}é oy AR

RSt

A
Q

{SD’A"{A_

Y
A

IR :
AL N S X

e RS T N
XA Y

T
ST

>

1

>
o

Cat

7’/7

;»/);. g ’.'; -14"'” s
z’:’:%};};@, . ' > O 7 X —
= %iz Z _’ N T —7 V(’!‘V“}'
=7 , K R 7% LN AN
= ¥ vk

= % a5
“ //?""zzf" = Wil ST

AN N
SPSERNK
@ \@\»\.“

2/
‘{l[

SN
‘\ \ \ Q,}' "

. 1
\ AN W i N
SN 5&‘?\‘\\‘»!%:%’\\“ ' ‘\\&\

W, NS \
NN A

\\\"i \\}V-

Y,
:&\‘
QN
AN\

RN




n

-t

@ —

o —

= S
I o 1
© S "
(@) - o

s S

ki o

S

(a B ry

1%
Al

,\.A.,.,A
SZLTA

,r’/ 4\»«.7‘\\;_. N7 ,//4»«»/
AN
W .§ s
T i

OO
e 1 » Q
S el
i S A@)

G
/ ?§

N
Bl




d

—

True labels




Predicted labels True labels

Is dog = 0.54

Soft labels contain information!!

Predicted labels True labels

Is cat = 0.03 Iscat=0
is cat =0.03. is cat=0

Is dog = 0.97
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True labels

Distilled *
nowledge e

Train student to learn both
true and predicted (teacher) labels!

Ltotal — ,B X LDistillation +a X Lstudent

Student learns subtle learned features from teacher!
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Neural Networks are Decision Trees
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In this manuscript, we show that any neural network with any activation function can be
represented as a decision tree. The representation is equivalence and not an approximation, thus
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ECON-T, D. Noonan

ENCODE

Bottleneck DECODE
(lower dim.
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Encoded data

Variational Autoencoder


https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf

ECON-T, D. Noonan

AEs for compression also at LHCb!

Encoded data


https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
https://sse-ml-lhcb.gitlab.io/

ECON-T, D. Noonan

AEs for compression also at LHCb!
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
https://sse-ml-lhcb.gitlab.io/

ECON-T, D. Noonan

AEs for compression also at LHCb!
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ECON-T, D. Noonan

AEs for compression also at LHCb!
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
https://sse-ml-lhcb.gitlab.io/
https://indico.cern.ch/event/1283970/contributions/5550653/attachments/2722805/4730907/fkeras-fastml23.pdf

Nanosecond ML inference on FPGAS!
40 billion inferences/s during HL-LHC
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ML for reconstruction

Encoded data

On FPGA




ML for reconstruction
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Encoded data

On FPGA




EPJC Vol 79 608 (2019)
ML for reconstruction
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On FPGA: 3.5 ps to cluster energy deposits into disentangled showers from individual particles


https://link.springer.com/article/10.1140/epjc/s10052-019-7113-9

DOI:10.3389/fdata.2022.828666

ML for tracking

In HL-LHC, will need to do track finding at L1
e 0(1000) hits, 0(100) tracks, 40 MHz rate, ~5 ps latency

Graph Neural Networks for fast charged particle tracking

Throughput-optimized for L1 applications,
resource-optimised for co-processing

Design (Pnodess Nedges) RF Precision
[cycles]

DSP [%] LUT [%] FF [%] BRAM [%]

1 99.9 66.0 1.7 0.7
28 56.6 1156 3.9 13.1

Throughput-opt. (28, 56) 1 ap_ fixed<14,7>
Resource-opt. (28, 56) 1 ap fixed<14,7>



https://www.frontiersin.org/articles/10.3389/fdata.2022.828666/full

Fast jet tagging

Sets: Information 1s
only assigned to
individual nodes.

Graphs: Information is
assigned to edges, 1.e.,
pairs of nodes.

cds.cern.ch/record/2814728/



https://cds.cern.ch/record/2814728/files/DP2022_021.pdf

Fast jet tagging

cds.cern.ch/record/2814728/

- MLP
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Sets: Information 1s Graphs: Information is
only assigned to assigned to edges, 1.¢e.,
individual nodes. pairs of nodes.

(Can also do 90 ns transformers for jet tagging!)
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https://cds.cern.ch/record/2814728/files/DP2022_021.pdf
https://www.doc.ic.ac.uk/~wl/papers/22/fpt22fw.pdf
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The scientific method

Do objective
observation

4 ™)
LOOk at natu e Ask questions
- Y
r | B
Gather information
\_ | _J
a )
Form hypothesis H[ Ask new questions J
\_ | Y,
4 ) A
Test prediction
- Y

Form and test |, | -
hypOtheS|S y Do analysis )

4 A
Arrive at conclusion
- Y,
A4
r A _
Are results as |—> Use experimental data
L predicted? ) as hypothesis




Searches at LHC

Searches at LHC (almost) always start with by
e assuming Standard Model

Do objective e and some signal hypothesis
observation

Whatever you do,

don’t look at nature
Replaced by: < :

No longer learn from observation
e Blind analysis only way we perform searches

ather informatio

Standard Model (MC)

Form hypothesis H[ Ask new questions j

_ v,
r I R A
Test prediction
- Y,
r | A
Do analysis
‘ - I Y,
wAu (@t 0™ — 0N\ f A
',,'@Zﬂzﬂ[Hi"F(ﬁf’O)Qﬂ“ Arrive at conclusion
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Are results as |—> Use experimental data
predicted? as hypothesis




Anomaly detection for New Physics searches
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Anomaly Detection triggers

Level-1 rejects >99% of events!
|s there a smarter way to select?

Energy (GeV)



Anomaly Detection triggers

Everything here Everything here
is normal is abnormal
_ >

Reconstruction error




Types of anomaly detection

Outlier detection Detecting overdensities

Find (non-resonant) out-of-distribution datapoints Find (resonant) overdensities in distributions




Types of anomaly detection

Outlier detection Detecting overdensities

Non-resonant, tail of distributions

e Often (variational) auto-encoders Resonant, similar to a bump hunt

e Useful for triggering! e Density estimation methods
Caveats e Useful for offline analysis

e What's a good metric for optimisation? Caveats

e How to use selected events in analysis? e Relies on a definition of “sideband” and a sizeable signal



Outlier detection

VN
), 4 ), 4
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u
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mk

Compressed representation of x.

Latent space R¥, k < mxn
prevents memorisation of input, must learn



Outlier detection

E.g 3-prong gluino fat jet

nxm nxm

ERk

£ (X, X) is Mean Squared Error(X, X), “high error events” proxy for “degree of abnormality”



Outlier detection

QCD

), . t

g (400 GeV)

MSE(x, X)

| Large error for
ERk abnormal data

Reconstruction Error



https://arxiv.org/abs/1808.08992
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- CMS!

Reconstruction error
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https://cds.cern.ch/record/2859651

Continual learning

Increasing radiation damage—»
250

CMS ™. LHC Delivered: 22625 fb ' Radiation damage of silicon detector

[ CMS Recorded: 208.65 fb!
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Sensors

“Opaque”
Sensors

Total integrated luminosity (fb 1)
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Time —»

Many reasons for changing conditions
e Detector position slightly changes
e Radiation damage
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Many reasons for changing conditions
e Detector position slightly changes
e Radiation damage

Continual learning to the aid for self-supervised training?
e Avoid re-training on TBs of data, adapt to gradual changes!



F. Capel et al.

Real-time ML in other experiments
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Taking plasma accelerators to market


https://indico.ph.tum.de/event/7057/contributions/5302/attachments/4053/5139/Spannfellner_seed_ml_fpga_1v1.pdf
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https://indico.ph.tum.de/event/7057/contributions/5302/attachments/4053/5139/Spannfellner_seed_ml_fpga_1v1.pdf

F. Capel et al.

Real-time ML in other experiments

Signals and backgrounds

Data to shore

A

w
5 his 4 ml
AN ’.‘1 FPGA Smart trigger



https://indico.ph.tum.de/event/7057/contributions/5302/attachments/4053/5139/Spannfellner_seed_ml_fpga_1v1.pdf

IceCube

Deep Core

&

Pierre Auger Obs.




Real-time gravitational wave detection

Using gravitational waves, we can detect neutron star merger (kilo novae) before it occurs!

e Use real time ML for event cleaning, parameter estimation and anomaly detection!

L

o Y
’ //
120 100 80 60 40 20 0

Time to merger (s)

LIGO (Hanford)

Rapid communication of gravitational-wave date on

e source location
e properties

Crucial to facilitate multi-messenger follow-up of sources !




LSST TAKES 20TB OF IMAGES PER NIGHT

Rubin Observatory

10 million transient
alerts per night!

AL TR s

. e | —— —— e e — | —

How can we expect to get lucky with
such high volumes of data?

i A AR | e S e s e e B

— e — 'p--. ’
")

Transient searches have
relied on human eyes for

alerts —real-time ML!




...and outside of HEP

/

Semantic segmentation for autonomous vehicles

N. Ghielmetti et al.



https://iopscience.iop.org/article/10.1088/2632-2153/ac9cb5

...and outside of HEP

Seizure Predicting Brain Implant

Semantic segmentation for autonomous vehicles 4 distributed
L recording ASICs

Wireless
communication

N. Ghielmetti et al.

W. Lemaire et al.



https://iopscience.iop.org/article/10.1088/2632-2153/ac9cb5
https://indico.cern.ch/event/1156222/contributions/5062818/attachments/2521234/4335217/FastML2022.pdf

...and outside of HEP

Seizure Predicting Brain Implant
Semantic segmentation for autonomous vehicles 4 distributed NN accelerator for quantum control

recording ASICs e Putting control in cryostat
le.g optimal pulse parameters])

Conventlc.)nal Our ML model
quantum control algorithm
|0) |0

Wireless , ey ) A
| > 4 ; - y X
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communication D% 4

11} 1)

|0) |0)

N. Ghielmetti et al.

[1)

W. Lemaire et al. \

D Xu et al. ' £



https://iopscience.iop.org/article/10.1088/2632-2153/ac9cb5
https://arxiv.org/abs/2208.02645
https://indico.cern.ch/event/1156222/contributions/5062818/attachments/2521234/4335217/FastML2022.pdf

.and outside of HEP

Seizure Predicting Brain Implant
Semantic segmentation for autonomous vehicles 4 distributed NN accelerator for quantum control

recording ASICs e Putting control in cryostat

le.g optimal pulse parameters])
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quantum control algorithm
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N. Ghielmetti et al.
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https://iopscience.iop.org/article/10.1088/2632-2153/ac9cb5
https://arxiv.org/abs/2208.02645
https://indico.cern.ch/event/1156222/contributions/5058420/attachments/2535257/4363120/CJH_FML4Science-10_4_22.pdf
https://docs.google.com/presentation/d/1gnAqn4gpZvx4JVVD8dqbXKMsZ_vpguO9hxC7zH0jv6w/edit#slide=id.g13512715b6e_0_5
https://indico.cern.ch/event/1156222/contributions/5062816/attachments/2522993/4338612/fast_ml_2022_gk.pdf
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.24.104601
https://ieeexplore.ieee.org/document/9354037
https://arxiv.org/abs/2206.11791
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https://www.youtube.com/watch?v=c2DFg53Zhvw



https://www.youtube.com/watch?v=c2DFg53Zhvw

Foundation Models
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Heterogeneous detector
Multi-modal input!
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One model, learn
neural embedding?

Tracker

Electromagnetic
Calorimeter

Calorimeter  Superconducting
Solenoid Iron return yoke interspersed

with Muon chambers

CALORIMETER TRACKING
PRE-PROCESSING || PRE-PROCESSING
v V

Downtream
Task
Downtream
Task
Downtream
Task

End-to-end reconstruction model

Latent representation

Downstream||Downstream||Downstream||Downstream
Task Task

v v
Accept / Reject

5 Some new space
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Types of anomaly detection

Outlier detection Detecting overdensities

Find (non-resonant) out-of-distribution datapoints Find (resonant) overdensities in distributions




Types of anomaly detection

Outlier detection Detecting overdensities

Non-resonant, tail of distributions

e Often (variational) auto-encoders Resonant, similar to a bump hunt

e Useful for triggering! e Density estimation methods
Caveats e Useful for offline analysis

e What's a good metric for optimisation? Caveats

e How to use selected events in analysis? e Relies on a definition of “sideband” and a sizeable signal



Outlier detection
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mk

Compressed representation of x.

Latent space R, k < mxn
prevents memorisation of input, must learn



Outlier detection

E.g 3-prong gluino fat jet

nxm

mk

Z(X,X) is Mean Squared Error(X, X), “high error events” proxy for “degree of abnormality”



Outlier detection

| Large error for
ka abnormal data

10° 10>
Reconstruction Error



https://arxiv.org/abs/1808.08992

Outlier detection in analysis
E.g CASE

_CMS Simuiation Preliminary

After cut on anomaly score
—4— Simulated Pseudodata
—— Signal + Background Fit
— Signal
Background

y2/ndf = 16.36/24 = 0.68
Prob = 0.875

—4— Simulated Pseudodata
—— Signal + Background Fit
— Signal

Background

Events / 100 GeV
Events / 100 GeV

yé/ndf = 27.11/31 = 0.87
Prob = 0.667

3000 4000 5000
Dijet invariant mass (GeV)

3000 4000 5000 6000
Dijet invariant mass (GeV)



https://cds.cern.ch/record/2892677?ln=en

Outlier detection in analysis
E.g CASE

Careful! Cut on score can sculpt spectrum
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https://cds.cern.ch/record/2892677?ln=en

Outlier detection in analysis

CMS Preliminary 138 fb-! (13 TeV)
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Example for semi-visible jets

F. Eble: Normalized autoencoders R. Seidita: Lund Graph autoencoders

Full phase-space

Training / background
phase-space

Low reconstruction
error phase-space



https://indico.nikhef.nl/event/4875/contributions/20323/attachments/8308/11872/Flash_talk_EuCAIFCon24_EBLE.pdf
https://indico.nikhef.nl/event/4875/contributions/20467/attachments/8294/11858/EBGAEs.pdf

Finding overdensities

w—— Simulation
- = SM template
—— | HC Data

Sideband 1 Signal Region  Sideband 2

Density

¢ 173




Finding overdensities - CWoLa bumphunt

S enriched sample in data B enriched sample in data

i ,.':"’ # ;1 p : i

4 : . 4 q q q
.‘4,..;:::::1::;:211‘:“"" ‘__.‘-;;;;j::ji;j:i:""" - - - g ',,::Jfff::"if
LABEL:SlGI\N AABEL= BKG




E.g CASE

samQ\e L samole 1 Samele 2
SIg~O | S/B>0F S/ ~0



https://cds.cern.ch/record/2892677?ln=en

, CMS Simulation Preliminary (13 TeV
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https://cds.cern.ch/record/2892677?ln=en

SIGNAL BACKGROUND
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Boosting mono-Jetgearches with model-agnostic machine learning™ Kraemer et al.



https://inspirehep.net/literature/2072400

JETS FROM JETS FROM
MET+JET TOPOLOGY £¢+JET TOPOLOGY

—> SIGNAL REGION —> SIGNAL NOT EXPECTED HERE

MIXED SAMPLE 1 MIXED SAMPLE 2

LABEL=SIGNN / LABEL = BKG

Any jet classifier



Density estimation

Various methods

ML-based interpolation from sidebands to signal region:

: Interpolates densities from sidebands to the signal-region &
constructs likelihood ratio

: samples from the background model in signal region after
Interpolating and estimates likelihood ratio with classifier

: Use a in flow to perform CATHODE in latent space

: Train invertible NN conditioned on mass to map between
sidebands

ML-based MC reweighting:

: Reweight simulation to match sideband, interpolate into the
signal region and use a second classifier to get the likelihood

: Map simulation to data in sidebands, then compare to SR data

Density

w— Simulation
- = SM template
—— | HC Data

Sideband 1  Signal Region

il

M

Sideband 2

|



https://arxiv.org/abs/2001.04990
https://arxiv.org/abs/2109.00546
https://arxiv.org/abs/2210.14924
https://arxiv.org/abs/2203.09470
https://arxiv.org/abs/2001.05001
FETA

Why these methods are good for DM searches
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Improvement wrt Inclusive

CMS Preliminary 138fb~! (13 TeV)
Limits on A -BC, m(A) =3 TeV

Expected 10 VAE-QR
2 Observed * CWola Hunting
% Inclusive * TNT
*x 2-prong (T2, Mgp) * CATHODE
3-prong (T3, Mgp) * CATHODE-b

Dedicated Wk search, QUAK - General
PRD 106 (2022)

XoYY 54q W oBt-bZt  Wi—-WR-3W  YoHH-4t
(2+2) (3+3) (2+4) (6+6)

Signal Model

We could cast a
huge net to catch
a broad range of
signals in a single
search!


https://cds.cern.ch/record/2892677?ln=en

Do physics with 0.0025% of collision events, the rest is discarded!

Level-1 hardware trigger High Level Trigger CPU farm

40 MHz

TR
’ UGT S1%04-32

'\s‘ 110 kHz

R AN TN

‘ - = - v
o | -~ — — — -

74 1
|

- — O

Detector

Offline reconstruction and storage

CMS Preliminary 138fb~1 (13 TeV)
Limits on A -BC, m(A) =3 TeV

—_
o
o

f Expected +10 VAE-QR
© Observed ® * CWola Hunting
® % Inclusive B x TNT
2-prong (T»4, Mgp) ¥ * CATHODE
3-prong (Taz, Msp) ¥ * CATHODE-b

Dedicated Wkk search, QUAK - General
PRD 106 (2022)

1‘.‘
5.
L.
-
I‘
-
-
-
)

—
o
a1

—
o
N

—_
o
w

o)
=
@)
c
o
=
£
3
p -
©
Q
Q
>
_
@)
2
7o)
o

[y
N

W -sBt-bZt Wi,-o>WR-53W  YoHH-4t
(3+3) (2+4) (6+6)

Signal Model




8 TeV 1; TeV 33 TeV 100 TeV

LHC LHC HE LHC VLHC
. : - o x 109

“Probability” of

producing “anything”
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Probing smaller and smaller
couplings, lower and lower
masses

Need more statistics!




Anomaly Detection triggers

Level-1 rejects >99% of events!
|s there a smarter way to select?

Energy (GeV)



Anomaly Detection triggers

Everything here Everything here
is normal is abnormal
_ >

Reconstruction error




AXOLTTL

¥XAXO 'TL

Anomaly Detection in the CMS Level 1 yGT for Run3!

Input from Run 3 uGT quantities:
(pT, n, ®) hardware integer inputs from: 1 MET, 4 e/y, 4 uy, and 10 jet objects

PT N ¢

MET

4 ely

4

10 jets



https://indico.nikhef.nl/event/4875/contributions/20303/attachments/8213/11697/eucaifcon_axol1tl_slides.pdf
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PT

MET

4ely

4p

10 jets

loss

¥XAXO 'TL

Regularize latent space
to avoid overfitting

|- %|]2 + KL

Sampled latent representation

4

, N(O, 1) ]

PT

MET

4 ely

4

10 jets




Only deploy encoder, compute degree of abnormality from patent space only
e Do not need to keep input around for MSE
e Half network size and latency!

<

¥XAXO 'TL

Counts
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10 jets
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Anomalous!

KEEP!
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CICADA

CNN in Level-1 Calorimeter Trigger!

Represent calorimeter tower as image and use CNN auto encoder



https://cds.cern.ch/record/2879816/files/DP2023_086.pdf

E.g Higgs — A(15 GeV) A(15 GeV) — 4b

Signal Efficiency Gain 46%




ignal Efficiency Gain 46°
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End-to-end-approach: NPLM

Alternative approach: End-to-end DNN search
e How do we get around defining a signal hypothesis?
e What is alternate hypothesis to test reference?

ldea: Assume alternate model n(x|w) can be
parametrised in terms of reference model n(x|R)

n(x| W) = n(x|R)e/™")

f(x; w) = NN


https://arxiv.org/pdf/1806.02350.pdf

One model, learn
neural embedding?

Tracker

Electromagnetic
Calorimeter

Calorimeter  Superconducting
Solenoid Iron return yoke interspersed

with Muon chambers

CALORIMETER TRACKING
PRE-PROCESSING || PRE-PROCESSING
v V

Downtream
Task
Downtream
Task
Downtream
Task

End-to-end reconstruction model

Latent representation

Downstream||Downstream||Downstream||Downstream
Task Task

v v
Accept / Reject

5 Some new space




One model, learn
neural embedding?

) >

Silicon
Tracker

%
Electromagnetic™
Calorimeter

Calorimeter  Superconducting
Solenoid Iron return yoke interspersed

with Muon chambers

Downtream
Task

Downtream
Task

End-to-end reconstruction model

Downtream
Task

Latent representation

Downstream||Downstream||Downstream||Downstream
Task Task Task Task

Some new space

Accept / Reject

Let’s build this space!



NN Something
New

Metric Learning



What if we really try to focus on this space

Neural embedding



What if we really try to focus on this space

Something
New

Neural embedding



Learning the space




Learning the space

® By looking at data, we can learn a lot

- Go over Input plece by piece

- Analyze every aspect

o~/ . wa" o o T
, l'.. I ) i =~ .’|;' '." ‘t_.'. "- -
g ﬂl o . " 3
I XA :

- Compare every feature O ,.
:/l/i- ../A n4_./...Lﬂ-H sk N

® Find distinctive style of the input

- can be done e.g by looking for a deviation






Augmented Cat A




191

Minimize

Augmented Cat A




Maximize

Augmented Cat A




Physically motivated augmentations?

Negative Samples

maximizing
Minimizing
Augmentati

e Minimizing and maximizing distances learns a space



Augmented Cat A




Physically motivated augmentations?

Anchor Negative Samples

No class labels used in training! How do we augment detector data”?



Physically motivated augmentations?

o

Anchor Negative Samples

No class labels used in training! How do we augment detector data”?



‘ Augmentation ‘

A‘('
7 3.
a X :\:2
> .

Higgs

Baseline Augmented by
Reshowering

Embedded Space can use any NN to embed



e gluon
o quark

QM foundation models

— embedding quantum mechanics into Al algorithm



) Some new space

Training 1: Learn neural embedding
(on a lot of data, for a long time)
On simulation? On data?

Downtream
Task

Downtream
Task

Downtream
Task




Downtream
Task

Downtream
Task

Downtream
Task

5) Some new space

Training 2: Fine tune for specific task
(fast, small dataset, simulation)



Training number one: learn embedding

NN Something
New



Training number two: fine tuning

NN Something
New



Foundation model of the Level-1 trigger

n
eter

CALORIMETER
PRE-PROCESSING

erconductin

TRACKING MUON CHAMBERS
PRE-PROCESSING ||PRE-PROCESSING

Foundation
model

Latent

Downsvtream Downsvtream Down;tream Down;tream
Task Task Task Task
HS \V4 V \V
Accept / Reject




Do | really think this will be possible?

u
with Muon cham bers

rn yoke inte
on

Foundati
model

, J oably not,
............................................................................................................... S at some scale

Accept / Reject



Careful software-hardware co-design

O(1M)
parameter
model on
1000 FPGAs
and do
Inference In

O(1)us?

Layer 2 (FPGA 3)

Accept / Reject

Similar for

GPT-4, layers
carefully map
onto
hardware

Algean



https://dl.acm.org/doi/full/10.1145/3482854

Careful software-hardware co-design

Designed our
own protocol to
make boards talk
to each other
fast enough

(25 Gbs to
transfer data
LHC-
synchronously
between boards)

Layer 2 (FPGA 3)

Accept / Reject



Theorists N-D Space

Capture
Physics



We can replace the QCD theorist with a NN
(And it works better)

(Graph) NN N-D Space

NN Capture
Physics



Towards end-to-end reconstruction

Classical Particle Flow Graph Neural Network

Global Trigger

Trigger
accept/reject

12.5 us
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Masked language modelling

~

Next-token-prediction | Masked-language-
modeling

The model is given a The model is given a

sequence of words with sequence of words with

the goal of predicting the goal of predicting a

the next word. ‘masked’ word in the
middle.

Example: Example
Hannahisa____ Jacob [mask] reading

Hannah is a sister Jacob fears reading
Hannah is a friend Jacob Joves reading
Hannah is a marketer Jacob enjoys reading
Hannah is a comedian Jacob hates reading

Self-supervised pre-training



