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2 explore GPTs
Now you can discover GPTs created by the A You
CINTRENHYY IEEE style reference please: @ARTICLE{9447722,
author={Guglieimo, Giuseppe Di and Fahim, Farah and Herwig, Christian and Valentin,
Manuel Blanco and Duarte, Javier and Gingu, Cristian and Harris, Philip and Hirschauer,
James and Kwok, Martin and Loncar, Vladimir and Luo, Yingyi and Miranda, Llovizna
IEEE Ref Style Article Summar and Ngadiuba, Jennifer and Noonan, Daniel and Ogrenci-Memik, Seda and Pierini,
Maurizio and Summers, Sioni and Tran, Nhan),
journal={IEEE Transactions on Nuclear Science},
Format |IEEE Reference title={A Reconfigurable Neural Network ASIC for Detector Front-End Data
Compression at the HL-LHC)},
year={2021)},
Advanced ML for LI1T Upgrade volume={68},
number={8),
pages={2179-2186},
doi={10.1109/TNS.2021.3087100})
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IEEE Reference for Article Here's how you would reference the specified article in IEEE style:

G. Di Guglielmo et al., "A Reconfigurable Neural Network ASIC for Detector Front-End
Data Compression at the HL-LHC," in IEEE Transactions on Nuclear Science, vol. 68, no.

8, pp. 2179-2186, 2021, doi: 101109/TNS.2021.3087100.

New chat
IEEE Style Reference Retrieva
Anomaly Detection In Particle |

BibTeX Website Entry Example

I'hesis Citation in BibTeX
BibTeX for Physics Paper
ETH's CMS Trigger Developme
Add Git to environmentyml
Change Hyperlinks to Black
Calculate Invariant Mass Pythc
Anomaly Detection Challenge
LaTeX Package Compatibility

GSHPs Use Refrigerant

& U.pg_?de plan

'i‘ Thea Aarrestad

rate on a Team pilan




OR MoE:
GPT-4

GPT-3

175,000,000,000 100,000,000,000,000

(0.16% of neurons in your brain)  (All the neurons in your brain?)



NVIDIA Press Release 2020

Train (GPT-3):

« 285,000 CPU cores

* 10,000 GPUs

* 400 Gb/s network

« Several weeks

* Trained on ~300B tokens


https://developer.nvidia.com/blog/openai-presents-gpt-3-a-175-billion-parameters-language-model/

NVIDIA PreSS Release 2020 & :Vo:o'sthis"Appleton"guyanyways?

Q ChatGPT

"Appleton" could refer to a variety of individuals or entities, depending on the context.
It's a common surname, and it might also refer to locations or institutions. Here are a

few possibilities:

Individuals with the Surname Appleton: There have been many notable people with

N s ‘ | | 4 53D the last name Appleton, including artists, scientists, and other professionals. Without
B 2 ’ > e more context, it's hard to identify a specific individual.
" ’ Appleton, Wisconsin: A city in the United States known for its role in the paper
o .' g industry and its proximity to the Fox River.
: §§ ’ ;2 ' ; Appleton Estate: A famous Jamaican rum producer.
e = Appleton Company or Brand: It could refer to a company or brand named Appleton,
n involved in various industries.
Historical Figures: There have been historical figures with the surname Appleton who
i - . played significant roles in various fields.
=SONE: | Rk arn B aE e et e e -1 .- If you can provide more specific information or context about which "Appleton" you're
s 22 =3I 13 referring to, | could give a more detailed and accurate response.
. B & 0 You
b 2 4 He might have been a friend of Rutherford
» 28 ~ 1.7 | -g i
I". o ! NE . -y . ©) ChatGPT
. ’” ‘ ' ' . " 8 & If the "Appleton” you're referring to was a friend or contemporary of Ernest Rutherford,
' M ’4' . | Y = a prominent New Zealand-born physicist known for his pioneering work in nuclear

physics, it's likely you're talking about Sir E J -d Victor Appleton. Here are some key

Train (G PT—3)_: points about him:

Message ChatGPT...

« 285,000 CPU cores

10,000 GPUs Inference (GPT-3):
* 400 Gb/s network « ?

 Several weeks
* Trained on ~300B tokens



https://developer.nvidia.com/blog/openai-presents-gpt-3-a-175-billion-parameters-language-model/

GPT-3

v

175,000,000,000
FP16 vs FP32

Range Accuracy ~700 GB of memory

1 3 23
-+ S o0 00%0005% — (1758 par x 4 bytes/pan

— 0(107) larger than max
memory in single GPU

—1 5 10
-»16 5 ISRV

6x105 - 6x10% 0.05% — ~350 GB

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



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

Test loss

2

1079

CV: 10-100M trainable parameters, 1018 —101° FLOPs for training
LLM: 100M to 100Bs trainable parameters,1020-1023 FLOPs for training

10-7 10~ 103 10-!

Compute (peta-FLOP/s-day)

Kaplan et al. (2020)
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Resources: 11 interconnected GPUs

107 seconds

Latency
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Resources: 11 interconnected GPUs Resources: One single chip
Latency: 107 seconds Latency: 10-° seconds

~ Vol 1948'37:44.420271 GMTHY;37:44

Who's this "Appleton" guy anyways?

ChatGPT
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Efficient Deep Learning: A Survey on Making Deep Learning Models Smaller, Faster, and Better, G Menghani

tinyML



https://arxiv.org/abs/2106.08962
https://www.tinyml.org/
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" | the Rubin Obsarvatory Legacy Suivey of Space and Time "

10 million alerts (~20 TB) per night

at ~500Hz inference rate
60 second latency
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https://arxiv.org/abs/2102.04555

- Cherenkov Telescope Array (CTA)
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A3D3 Institute https://a3d3.ai/
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Higgs produced
~1 1n a billion collisions!

Saving all collisions not useful
[even if we could)!
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33 TeV 100 TeV
LHC LHC  HELHC VLHC
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CMS Supplementary
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https://cds.cern.ch/record/2668684?ln=en

Searches for new particles at LHC
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High Luminosity LHC "

s/m

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

High Luminosity LHC
e X10 data size
e X3 collisions/s
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LHC (TODAY!) MAJOR UPGRADE HL-LHC

Run 3 Run 4+5 =




EXPERIMENT
HL-LHC ti event in ATLAS ITK
at <>=200

¥

200 vertices
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High Luminosity LHC
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78 vertices
(average 60)
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Maintain physics acceptance = better detectors

CMS High Granularity (endcap) calorimeter
e 85K (today) > 6M (HL-LHC) readout channels

More collisions
More readout channels
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CMS HGCAL TDR



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

CMSOfflineComputingResults

Computing resources
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https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Todays algorithms will not be sustainable in HL-LHC!
— Need modern Machine Learning to become
faster
better

and do more

More complex architectures to deal with Iincreased
data complexity!
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GPU inference
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Level-1 trigger
Latency O(1) ps |

FPGA inference

~Pb/s

Fast inference on specialised hardware
40 MHz

ASIC Inference

HLT trigger
Latency 0(100) ms

I iIDetector
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Electromagnetic™
Calorimeter

Hadron
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’retury yoke interspersed
with Miuon chambers

Xilinx Ultrascale+ FPGAs

TRACKING
174 FPGAs

MUONS:

\ Stmulated event display with average
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CALORIMETRY

dccept/reject
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Why FPGASs?

LHCb:
Software rate reduction
(GPU+CPU)
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Full GPU reconstruction @ 4 TB/s
e 326 GPUs, 60 kHz per GPU



Why FPGASs?

Depends on your problem...

~

LHCb:
Software rate reduction
(GPU+CPU)

Magnet

Full GPU reconstruction @ 4 TB/s
e 326 GPUs, 60 kHz per GPU

— LHCDb has already read out
detector

— CMS frontend buffers strictly
limited, cannot tolerate latency slack

— CMS raw event data x10 larger, L1
“event” ~ 200 kB (possible with GPU)



Why FPGASs?

Latency, latency, latency (cannot do much on a GPU IN 4 ps)
e Can work on different parts of problem, different data simultaneously
e [ atency strictly limited by detector frontend buffer

Latency deterministic
e CPU/GPU processing randomness, FPGAs repeatable and predictable latency

High bandwidth
e L1T processes 5% of total internet traffic, dissipate heat of ~7W/cm?

TRACK FINDER

Work on 18 events
simultaneously!

| TMUX=18
RS = 9 (phi)
FPGAs = 162




Programming an FPGA

C/C++
algorithm

[CMS, ATLAS]

Firmware block

Intel

Constraints/
Directives

~

\_

Vivado
Accelerator

~

J

Intel
HLS

~

Mentor

4 )
Catapult

VHDL/Verilog

HLS




Programming an FPGA

C/C++ Constraints/
algorithm Directives

Xilinx Intel Mentor
4 N [ N\ [ ) 4 N [ )
Vitis Vivado Vivado Intel Catapult
HLS HLS Accelerator HLS HLS
_ J J Y, \_ J J

VHDL/Verilog

Firmware block



library ieee;

use ieee.std logic 1164.all;

use ieee.std logic unsigned.all;
use ieee.std logic arith.all;

use work.gtl pkg.all;

entity invariant mass is
generic (

upper limit: real := 15.0;
lower limit: real := 10.0;
ptl width: positive := 12;
pt2 width: positive := 12;
cosh cos width: positive := 28;
INV MASS PRECISION : p051t1ve = 1;
INV MASS COSH COS PRECISION : positive := 3

);
port(
ptl : in std logic vector(ptl width-1 downto 0);
pt2 : in std logic vector(pt2 width-1 downto 0);
cosh deta : in std logic vector(cosh cos width-1 downto 0); -- cosh of etal - eta2
cos dphi : in std logic vector(cosh cos width-1 downto 0); -- cos of phil - phi2
inv_mass comp : out std logic;
sim_inv_mass_sq_d1v2 : out std logic vector(ptl width+pt2 width+cosh cos width-1 downto 0)
);
end invariant _mass;

architecture rtl of invariant mass is

constant INV _MASS VECTOR WIDTH : positive := ptl width+pt2 width+cosh cos w1dth
constant INV MASS PRECISION FACTOR : real := real(10**INV MASS PRECISION);
constant FACTOR 4 VECTOR : std logic vector((INV MASS COSH COS PRECISION+1)*4 1 downto 0) := conv _std logic vector(10**(INV MASS COSH COS PRECISION+1),(INV MAS

signal inv mass sq div2 : std logic vector(INV_MASS VECTOR WIDTH-1 downto 0);
signal upper limit vector : std logic vector(INV MASS VECTOR WIDTH-1 downto 0);
signal lower limit vector : std logic vector(INV MASS VECTOR WIDTH-1 downto 0);

begin
-- Converting the boundary value for the comparison
upper limit vector <= conv std logic vector((integer(upper limit*INV MASS PRECISION FACTOR)),INV MASS VECTOR WIDTH-FACTOR 4 VECTOR'lLength)*FACTOR 4 VECTOR;
lower limit vector <= conv std logic vector((integer(lower limit*INV MASS PRECISION FACTOR)),INV MASS VECTOR WIDTH-FACTOR 4 VECTOR'length)*FACTOR 4 VECTOR;
- Calculation of invariant mass with the formula: M**2/2 = ptl*pt2 * (cosh(etal - eta2) - cos(phil - phi2))
inv_mass sq div2 <= ptl * pt2 * (cosh deta - cos dphi);
sim _inv _mass sq div2 <= inv_mass sq div2;

-- Comparison with boundary values
inv mass comp <= '1' when (inv mass sq div2 >= lower limit vector and inv mass sq div2 <= upper limit vector) else '0';

end architecture rtl;



library ieee;

use ieee.std logic 1164.all;

use ieee.std logic unsigned.all;
use ieee.std logic arith.all;

use work.gtl pkg.all;

entity invariant mass is
generic (
upper limit: real :
lower limit: real :
ptl width: positive := 12;
pt2 width: positive := 12;
cosh cos width: positive := 28;
INV MASS PRECISION : positive := 1;
INV MASS COSH COS PRECISION : positive := 3

15.0;
10.0;

'

F
port(
ptl : in std logic vector(ptl width-1 downto 0);
pt2 : in std logic vector(pt2 width-1 downto ¢ ')
cosh deta : in std logic vector(cosh cos width-1 downto 0); -- cosl
cos dphi :
inv _mass comp :
sim inv mass sq div2 :

out std logic;
);

end invariant mass;
architecture rtl of invariant mass is
constant INV MASS VECTOR WIDTH : positive :

constant INV MASS PRECISION FACTOR : real :
constant FACTOR 4 VECTOR :

real (10**INV MASS PRECISION);

: std logic vector(INV _MASS VECTOR WIDTH-1 downto
std logic vector(INV MASS VECTOR WIDTH-1 downto
std logic vector(INV MASS VECTOR WIDTH-1 downto

signal inv _mass sq div2
signal upper limit vector :
signal lower limit vector :

begin
ting the boundary value for the comparison

upper limit vector <= conv std logic vector((lnteger(upper Limit*INV MASS
lower limit vector <= conv std logic vector((integer(lower limit*INV MASS

Lonvel

-- Calculation of 1invariant 1th the for
inv_mass sq div2 <= ptl g pt2 ’ (cosh deta -
sim inv mass sq div2 <= inv mass sq div2;

mula: M**2/2 = p

cos dphl)

t1*pt2 *

mas

Comparison with boundary values
inv mass comp <= '1' when (inv mass sq div2 >= lower limit vector and inv

end architecture rtl;

of
in std logic vector(cosh cos width-1 downto 0); -- cos of

std logic vector((INV_MASS COSH COS PRECISION+1)‘~-1 downto 0) :=

[ e h
{ COosSn|

Xn = Gn Wn,n—lxn—l + bn

Generic (superfast) HLS
Implementations for DNN
Inference?

etal

pnlZ

etal
phil -

out std logic vector(ptl width+pt2 width+cosh cos width-1 downto 0)

ptl width+pt2 width+cosh cos w1dth

conv std logic vector(10**(INV MASS COSH COS PRECISION+1),(INV MAS

0);
0);
0);

PRECISION FACTOR)),INV MASS VECTOR WIDTH-FACTOR 4 VECTOR'!
PRECISION FACTOR)),INV MASS VECTOR WIDTH-FACTOR 4 VECTOR'!

ength)*FACTOR 4 VECTOR;
‘ength)*FACTOR 4 VECTOR;

etal - eta2) - cos(phil - phi2))

mass sq div2 <= upper limit vector) else '0°;



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

KERAS / PyTorch / ONNX

S > e e 9 h I 4 m I HLS project:

/;‘},5?72/4@‘\;\;\ = : ° ey ®

;} = S Vivado / Vitis / Intel Quartus /
| IntelOne API / Catapult

TensorFlow DF / scikit-learn / XGBoost

- AConifer

plp 1nstall hls4dml

plp 1nstall conifer

TN


https://github.com/fastmachinelearning/hls4ml

K & ONNX
PYTHRCH

Model
(quantized/pruned)

Quantized:

) QONNX
QISERAS



€ ONNX

PYTHRCH Convert model to internal
representation

Model \ Write HLS project targeting
(quantized/pruned) specified backend

Run emulation

Quantized: Run synthesis
€ QONNX —
Vivado™ HLS Meg!gu!;ss
Q m ERAS COMPILER

f

Vivado/Vitis best supported
Intel Quartus

Intel One API

Mentor Catapult HLS
available soon
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/ Co-processing kernel
(Xilinx accelerators/SoCs)

T € ONNX

Tensor

PYTHRCH Convert model to internal
representation .
FPGA custom designs

(eg trigger algorithms
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Model Write HLS project targeting

specified backend

(quantized/pruned)

—

Run emulation

Quantized: Run synthesis
€) QONNX —
QEERAS

COMPILER

f

Vivado/Vitis best supported
Intel Quartus

Intel One API

Mentor Catapult HLS
available soon
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0 0006 Qaoap0OOOCY 0OO0O
V'YV /7 /2t 720 01N/
L2AX I 222221222224
3333335333333 3
F Y4949 Fydd 4N YH
S8SSSFESsSTsS5855 459
bbeobbbgceiébteoolb -
7717710720 2F7 77 from hlS4ml lmport
A EEE LSS ESE import tensorflow as tf
9949994949499 9
# train or load a model
model = .. # e.g. tf.keras.models.load model(..)
— pyng-z2 floorplan
Conv2D # make a config template b i aE
cfg = config from keras model (model,
RelLU granularity=‘name’)

MaxPool2D # tune the config

cfg[ ‘LayerName’ ] [ ‘1layer2’ ] [ ‘ReuseFactor’'] = 4

Conv2D

# do the conversion
RelLU hmodel = convert from keras model (model, cfq)

# write and compile the HLS
hmodel .compile ()

# run bit accurate emulation
m y tf = model.predict (x)

y _hls = hmodel.predict (x)

# do some wvalidation

np.testing.assert allclose(y tf, y hls)

* # run HLS synthesis
hmodel .build ()

Prediction (from Sioni S Summers]


https://arxiv.org/abs/1804.06913
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e Quantization
* Pruning
e Parallelisation

e Knowledge distillation
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FP16 vs FP32

Range

1 3 23
P32 S I N - 1

1 5 10
1o s/ T M

6x107 - 6x10°

Accuracy
0.000006%

0.05%

—)

GPT-3

v

175,000,000,000

~/00 GB

~350 GB
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Quantization
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1.1

1.0 -
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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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—
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—
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—0—

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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Nature Machine Intelligence 3 (2021)



https://www.nature.com/articles/s42256-021-00356-5

o @ + CWC

Quantization-aware training

from tensorflow.keras. layers import Input, Activation
from gkeras import quantized_bits

from gkeras import (QDense, QActivation

from gkeras import QBatchNormalization

x = Input((16))
x = QDense(64,
kernel_quantizer = quantized_bits(6,0,alpha=1),
bias_quantizer = quantized _bits(6,0,alpha=1))(x)
x = QBatchNormalization()(x)
x = QActivation(’quantized relu(6,0)’)(x)
x = QDense(32,
kernel_quantizer = quantized_bits(6,0,alpha=1),
o = ” bias_quantizer = quantized _bits(6,0,alpha=1))(x)
i N S ' , x = QBatchNormalization()(x)
x = QActivation(’quantized relu(6,0)’)(x)
x = QDense(32,
= = T jof e - 7 kernel_quantizer = quantized_bits(6,0,alpha=1),
c : e 2 /,/ = bias_qgaxft_izer_ ) f.gugx;tized_bits(i(i.().alpha—l))(x)
NS X = QBat..ch.\'orm‘alwat1911(_ )(x) R
x = QActivation(’quantized relu(6,0)’)(x)
x = QDense(5,
kernel_quantizer = quantized _bits(6,0,alpha=1),
bias_quantizer = quantized _bits(6,0,alpha=1))(x)
x = Activation(’softmax’)(x)

// /
7 //,,/é//
Yy
/ /////[i/ / //

757
7

%/
74 1

Nature Machine Intelligence 3 (2021)


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/ac0Oea1l

Example: One convolutional layer

0.950
As optimization progresses,
best model accuracy/size
0.925
trade-off is found! his 4 ml
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total bits


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

Ratio Model Accuracy / Baseline Accuracy
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= (QKeras CPU
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== == Post-train quant.

Bitwidth
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Nature Machine Intelligence 3 (2021)
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https://www.nature.com/articles/s42256-021-00356-5

AMD UltraScale+ MPSoC ZU19EG (conservative estimates)

Precision || Approx. Peak GOPS On-chip weights
1b 64 000 ~64 M
4b 16 000 ~16 M
8b 4 000 ~8 M
Trillions of We|ghts can
quantized stay entirely
operations per on-chip

second
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https./blog.tensorflow.org/20179/05/tf-model-optimization-toolkit-pruning-API.html
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1 =1 output_softmax

1 fcl relu
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1st iteration
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https./blog.tensorflow.org/20179/05/tf-model-optimization-toolkit-pruning-API.html
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Lottery ticket hypothesis
Resnetl8

Pruned
. Unpruned

-6 Better!

—8 [— Reference Accuracy: 94.42%]

Relative CIFAR-10 Accuracy

185755 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)
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Abstract: While deep learning has enabled tremendous progress on text
and image datasets, its superiority on tabular data is not clear. We
contribute extensive benchmarks of standard and novel deep learning
methods as well as tree-based models such as XGBoost and Random
Forests, across a large number of datasets and hyperparameter
combinations. We define a standard set of 45 datasets from varied
domains with clear characteristics of tabular data and a benchmarking
methodology accounting for both fitting models and finding good
hyperparameters. Results show that tree-based models remain state-of-
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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
keeping the accuracy of the neural network exactly as is. We believe that this work provides better
understanding of neural networks and paves the way to tackle their black-box nature. We share
equivalent trees of some neural networks and show that besides providing interpretability, tree
representation can also achieve some computational advantages for small networks. The analysis
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Deep learning underperforms on data tables [Grinsztajn... 2022]
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Nanosecond ML inference on F

O billion inferences/s during HL-LHC?

~ all inferences at Google
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CMS High Granularity calorimeter :
e 6.0 million readout channels, 50 layers \
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BUT: Cannot read out all these channels

fast enough for L1 to trigger!
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Hexaboard

Sensor

Kapton sheet

Cu/W Base plate

Compress data ON the detector
e ASICs reduce + transmit data
e 40 MHz trigger data
e 750 kHz DAQ data

e High radiation
e Cooled to -30 = low power (Max 500 mW total]
e 1.5 us latency



ECON-T, D. Noonan

(lower dim.
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Encoded data
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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!

N\
79

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!

e 75-100 mW
e Triplicated w/b for radiation safety
Reprogrammable w/b over IC2!

Encoded data 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!

e 75-100 mW W
e Triplicated w/b for radiation safety .-
Reprogrammable w/b over IC2! UXCS5
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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

DOI:10.3389/fdata.2022.828666

ML for tracking

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

Graph Neural Networks for fast charged particle tracking

Design (Pnodess Nedges) RF Precision
[cycles]

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

1 99.9 66.0 1.7 0.7
28 56.6 1456 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

x 14
o L
L
12—
10—
8 -
6 —
4 -
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!)

16

32
constituents


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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EXPLOIT THE FULL CAPABILITIES
OF THE LHC AND BE MORE GENERIC!
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Scenario 1) There is some NP signature we haven't though of and we do not trigger on

IR

N EW “\‘
PHYSICS ™.,
? -

~

HLT CALO
SCOUTING

40 MHz
SCOUTING

40 MHz

E.q. dijet: 5 kHz

M

- - CMS DATA
- - POSSIBLE NP SIGNAL

-
>

HLT PF

~
~

"~{SCOUTING

E.g. dijet: 0.6 kHz

L1 threshold

»

HLT threshold HT (GeV)

7777

0.05-0.45 1909.04114(2))

D24E 210302708 (2¢, 290
D250 220506708 (ep)
0243 220506709 (e7)
0241 220506709 (ur)
0457 220206075 it + pP=

0536 1911.03%47 |2}
0050 211203942 {2 + 2j)
L6448 221212604 {1+ p{<%)
DO4T 211203942 (2 + 2j)

0.35-2.2 2307.08708 (Z'«pp + = 1b) 1.
0.0:35 1511.00806 (21 + 2J) 36 fb
0566 1911.03947 12j) 137 fp!
L

1072

107! 10°

Mass Scale [TeV]

P79

10!




Limitations of current trigger

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

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

S
-~
~
~
ay

Trigger threshold Energy (GeV)



Look at data rather than defining signal hypothesis a priori
- - LOST DATA e Can we “classify” objects/events?

B SELECTED DATA
- - POSSIBLE NP SIGNAL
AN clusters

normal data

»
® noise
anomalous data

S
oy
~
ay
ay

Trigger threshold Energy (GeV)
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- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL
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Reconstruction error

AD threshold



CMS Experiment at the LHC, CERN
Data recorded: 2023-May-24 01:42:17.826112 GMT |
Run /Event/LS: 367883 / 374187302 / 159 4




UGT test crate

CMS Global Trigger test crate:
e Copy of main GT system, receiving

the same Iinput data, but not used
to trigger CMS

e Excellent test bench for future ML
algorithms targeting L1T FPGAs

e AXOL1TTL integrated since late 2023




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

Continual learning

Increasing radiation damage —p

CMS B LHC Delivered: 226.25 fb!
1 CMS Recorded: 208.65 fb!

LIV

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



Continual learning

Increasing radiation damage —p

CMS B LHC Delivered: 226.25 fb!
1 CMS Recorded: 208.65 fb!

LIV

200
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100
“Transparent”
Sensors

“Opaque”
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Total integrated luminosity (fb—!)
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Time —p

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!

Radiation damage of silicon detector

I 'i'l

1} 1

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




End-to-end?

Classical Particle Flo Graph Neural Network

CMS Simulation Preliminary
tt + PU, /s = 14 TeV
Particle Flow reconstruction

CMS Simulation Preliminary
tt + PU, /s = 14 TeV
Machine-Learned Particle Flow rece

‘Compact Muon Solenoid
‘Compact Muon Solenoid

Charged hadrons HFEM
9 . Charged hadrons . HFEM
Neutral hadrons . Electrons
Neutral hadrons Electrons
Photons . Muons
Photons Muons
HFHAD
HFHAD



‘Compact Muon Solenoid

Class

CMS Simulation Preliminary )

tt + PU, /s = 14 TeV

Particle Flow reconstruction

_IIllllI|IIlIlllIIIIIIIIIIIIIIIIIIIIIII_
[ - linear scaling

— —4— baseline PF 7

relative time per event, T(N)/T(25)
SN - SN N

—
(=)
T | 1 T T

0-—.|1...|....|....|....|....|....|....|.—-
100 125 150 175 200
T~ particles per event, N

PF baseline scales non-linearily
with increasing input size

ical Particle Flow

Y

Charged hadrons . HFEM

Neutral hadrons - Electrons
Photons . Muons
HFHAD

T(N,B) / T(256,16)
N
o

Relative time per event
o

_+_
4
|+ B=4
_+_
_+_

10

B T | T
. --- linear scaling

B=1
B=2

B=8
B=16

Ll I T T T T I T T Ll Ll I T T T T I T

1 1 I 1 l
1000

1 L I L L 1 1 I 1 l L L I L 1 1 1 I 1
2000 3000 4000 5000
Input elements per event, N

GNN-based model inference time
scales approximately linearly with
increasing input size

‘Compact Muon Solenoid

Graph Neural Network

/)

CMS Simulation Preliminary
tt + PU, /s = 14 TeV

Machine-Learned Particle Flow rece

. Charged hadrons . HFEM
. Neutral hadrons . Electrons
. Photons . Muons

. HFHAD

arXiv:2101.08578


https://arxiv.org/abs/2101.08578

About 121000 results (0.26 seconds)

2 Game Is Hard

AMD Aims to Challenge Nvidia in the Al Hardware Market

AMD recently announced its optimistic projections for the upcoming fiscal year, with a

focus on its new Al chip platform.

17 hours ago

u Tech Xplore

The future of Al hardware: Scientists unveil all-analog
photoelectronic chip

Researchers from Tsinghua University, China, have developed an all-analog
photoelectronic chip that combines optical and electronic...

21 hours ago

€) The Information

An Al Chip Armageddon is Coming; Biden Punts on Open-
Source LLMs

When | asked David Bennett, the chief customer officer of Al hardware developer

Tenstorrent, about the future of startups like his,...

17 hours ago

BBVA Openmind

Green Artificial Intelligence

As the prominence of Al continues to grow, so too does the need to address its

environmental impact, particularly in terms of carbon...




Al hardware GNNs with Versal Al, P Schwaebig

More and more dedicated Al processors on the market

Xilinx Versal Al processors

e Programmed in C/C++
e 400 Al processors, ~2M logic cells (FPGAJ, 2k DSPs, Arm CPU and RPU
e Data move back and forth between Al Engines and FPGA

Currently explored for real-time tracking in trigger application



https://indico.cern.ch/event/1156222/contributions/5062808/attachments/2521174/4335154/slides_fastml_workshop_2022_.pdf

CMS Offline Computing Results

CMS Public

Total CPU HL-LHC (2031/No R&D Improvements) fractions
2022 Estimates

Other: 2%
GEN: 9%

RECO: 35% DIGI: 9%

SIM: 15%

RECOSIim: 26%


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults
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https://inspirehep.net/files/8036b4272f91a91bb357472313ce5933
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_ _ _ : F. Capel et al.
Triggering In other experiments

Reporting on international high-energyjphysics
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https://indico.ph.tum.de/event/7057/contributions/5302/attachments/4053/5139/Spannfellner_seed_ml_fpga_1v1.pdf

IR I
z’;’l,

Bioluminescence bursts up to few MHZz!




backgrounds



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

...and outside of particle physics

Seizure Predicting Brain Implant
4 distributed NN accelerator for quantum control
recording ASICs e Putting control in cryostat
le.g optimal pulse parameters])

Semantic segmentation for autonomous vehicles

Conventlf)nal Our ML model
quantum control algorithm
|0) |0}

Wireless , ) : | :
| X - y X

communication
hUb | 11} 1)

|0) |0)

N. Ghielmetti et al.

[1)

Other examples W. Lemaire et al.
* For fusion science phase/mode monitoring |55 o | \
» Crystal structure detection R AN A ¥ _ : 8 . 4.
» Triggering in DUNE 1 D Xu et al. ' :
* Accelerator control B i

radiological background '

» Magnet Quench Detection

* MLPerf tinyML benchmarking
» Food contamination detection
. etc....



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
https://ieeexplore.ieee.org/document/9181293
https://indico.cern.ch/event/1156222/contributions/5062818/attachments/2521234/4335217/FastML2022.pdf

CMS Simulation Preliminary
\ tt + PU, /s = 14 TeV

Machine-Learned Particle Flow reconstruction

. Charged hadrons

Neutral hadrons

Photons

HFHAD

HFEM

Electrons

Muons

Join us at the
FastML Lab!
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https://fastmachinelearning.org/




Benchmarking

Datasets: Common FastML Science Benchmarking datasets
e guide design of edge ML hardware and software for sub-microsecond

Inference!

Algorithms: hls4ml-FINN benchmarked in MLPerf™

e how fast systems can process inputs and produce results
e efficient and low-latency FPGA solutions with hls4éml and FINN

Streaming data rate [B/s]

1010_

FastML Science

105}

Jet Classification

Beam Control

MLPerf Tiny (IC) B

10°

P
Consistently competitive (QKeras+hls4ml, semantic segmentation, MLPerf) ot -
MLPerf Mobile (NLP)
arxiv:2207.07958
102 I | I I I I
10° 107 10° 10°® 107" 10"  10°
https:/mlcommons.org/en/inference-tiny-07/ Reference latency [s]
Model LUT LUTRAM FF BRAM [36 kb] DSP Latency [ms] | Energy/inf. [uJ]
Pynq-Z2

Available 53200 17 400 106 400 140 220 = -
IC (hls4ml) | 28544 53.7% | 3756 21.6% | 49215 46.3% 42  30.0% 4 1.8% 27.3 44 330
IC (FINN) | 24502 46.1% | 2086 12.0% | 34354 323% | 100 714% | 0 0.0% 1.5 2535
AD 40658 76.4% | 3659 21.0% | 51879 48.8% 14.5 10.4% | 205 93.2% 0.019 30.1
KWS 33732 63.4% | 1033 5.9% | 34405 32.3% 37 26.4% 1 0.5% 0.017 30.9

arxiv:2103.05579



https://arxiv.org/abs/2207.07958v1
https://mlcommons.org/en/inference-tiny-07/
https://arxiv.org/pdf/2103.05579.pdf

LHCb GPU trigger

Full GPU reconstruction (d 4% internet traffic

e 326 GPUs, 60 kHz per GPU

Characteristics of LHCb HLT1

Characteristics of GPUs

Intrinsically parallel problem:
- Run events in parallel
- Reconstruct tracks in parallel

Good for
- Data-intensive parallelizable applications
- High throughput applications

Huge compute load

Many TFLOPS

Full data stream from all detectors is read out
- no stringent latency requirements

Higher latency than CPUs, not as predictable as
FPGAs

Small raw event data (~100 kB)

Connection via PCle = limited I/O bandwidth

Small event raw data (~100 kB)

C. Fitzpatrick

Thousands of events fit into O(10) GB of
memory

REAL-TIME
ALIGNMENT &

KA CALIBRATION

4 TB/s 3
30 MHz non-empty pp

PARTIAL DETECTOR

RECONSTRUCTION '
& SELECTIONS BUFFER

(GPU HLT1)

FULL
DETECTOR
READOUT

70-200
GB/s

All numbers related to the dataflow are
taken from the LHCb

FULL DETECTOR
RECONSTRUCTION '
& SELECTIONS
(CPU HLT2)

Upgrade Trigger and Online TDR

Upgrade Computing Model TDR

GB/s


https://indico.jlab.org/event/459/contributions/11817/attachments/9504/13779/LHCb_GPU_CHEP.pdf

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

brevitas.

QPYTHRCH 2

Brevitas like QKeras, but for PyTorch
e QAT library
e Support most common layers and activation functions

Other quantization techniques:
« HAWQ: Hessian AWare Quantization
* Quantization Aware Pruning (B. Hawks et al.)
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Q 0.7751 : g . | |
< T e ....... ke i i i \ \ i i i i i
0.750 _ | ] HA WQ —— RESNET20 ON CIFAR-10
0.725} s ! |
[ N Téu
0'700; Pruning Style - 5
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0.675- : T+ 32-bit LT .%
: = _:E 12-bit FT : :g_ 100 » .
0.650 i 11 f 12t LT O :
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I 4-bit LT | | | | | | | | | | | |
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https://github.com/Xilinx/brevitas
https://arxiv.org/abs/2011.10680
https://www.frontiersin.org/articles/10.3389/frai.2021.676564/full
https://www.frontiersin.org/articles/10.3389/frai.2021.676564/full
https://arxiv.org/abs/1905.03696

Q PYT b RCH 7 Quantized ONNX (QONNX), J. Mitrevski et. al

Brevitas

hls4ml collaborate with Xilinx Research Labs to develop QOONX

e Introducing ‘Quant’ node to ONNX graph
e Brevitas (PyTorch) and QKeras (Keras) can export QONNX (HAWQ
export in progress): then hls4ml and FINN can import QONNX

his4dml FINN
\_ Y, \_ Y,

- Done
-» In progress
% Planned

Co-Design for Efficient & Adaptive ML Yaman Umuroglu

Blackett Laboratory, Lecture Theatre 1, Imperial College London 09:00 - 09:45


https://indico.cern.ch/event/1156222/contributions/5062813/attachments/2521120/4335054/QONNX%20FastML.pdf

hls4ml in other CERN experiments

/

NA62: Measuring BRIK' — z7vp) = 0(10-11) ATLAS small wheel muon segment finding

e FPGA trigger 800 MHz—>1 MHz — _ and reconstruction (R&D]
ATLAS Liquid Argon Calorimeter (R&D) e Regression of muon position and angle

e RNN for real-time energy reconstruction e 400 ns budget
e ~7200 ns on Intel Stratix-10 FPGA

Tile barrel Tile extended barrel

.; : | _ [
: . PSSR p— i, TGC (El) —
@) 0ring | Wi ‘

@) 1ring LAr hadronic LY ‘ & ; - I — — — —
o 2 rings end-cap (HEC) ——2 % Y[[I . = Tile calorimeter /

@) >2rings

— TGC (EM)
LAr electromagnetic
end-cap (EMEC)

Endcap magnet

T NSW

CHEP 2019, P. Vicini s . R. Teixeira de Lima, R Rojas Caballero et al.

DOI:10.1007/s41781-021-00066-y



https://indico.cern.ch/event/773049/contributions/3474328/attachments/1939688/3216506/L0TP_CHEP2019.pdf
https://link.springer.com/article/10.1007/s41781-021-00066-y
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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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High throughput GPU triggers

40 MHz pp collisions
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ML already used in LHCb GPU trigger for
< particle ID,
track reconstruction,

ha trigger decisions ... more underway!



High throughput GPU triggers

40 MHz pp collisions
. 0 M. Fontana
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https://indico.cern.ch/event/1198609/contributions/5366558/attachments/2651469/4590878/Trigger_MFontana_LHCP23.pdf
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CMS Offline Computing Results

HL-LHC, Simulation of CMS HGCAL with 140 PU


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

CMS Offline Computing Results

CMS Public

Total CPU HL-LHC (2031/No R&D Improvements) fractions
2022 Estimates

Other: 2%
GEN: 9%

RECO: 35% DIGI: 9%

SIM: 15%

RECOSIim: 26%


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults
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GEN SIM DIGI+RECO

ici ~nergy deposits— digital
PP c:o|h.5|ons up to detector response -Nergy dep 9
oroduction of stable , , signals—reconstructed by
| 3 simulation [Hard & Slow] .
oarticles [Fasy & Fast] the reconstruction software

[Hard & Slow]
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GEN SIM DIGI+RECO

op collisions up to Fnergy deposits—digital
oroduction of stable signals—reconstructed by
particles [Easy & Fast] the reconstruction software

[Hard & Slow]
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GEN SIM DIGI+RECO

GEANT4 1010 events SLOW but ACCURATE

GEANT4 10° events Surrogate model 1010 events

(GAN, VAE, Normalizing Flow, ...)
Learn underlying distribution of GEANT4 events

FAST and ACCURATE? posits—digital
onstructed by

O8N erereromrm—r———— ction software
[Hard & Slow]




Diffusion models

(Gaussian noise



Dall-e 2

an espresso machine thal makes coflee from human souls, artstation

vibrant portraal painting of Salvador Dali with a robotic hall face

https.//arxiv.org/pdf/2303.05376.pdf




