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® Machine learning has already changed
the way we do particle physics from
trigger/data acquisition to event
reconstruction, simulation, data analysis,
and interpretation

® |tisanessential and versatile tool
that we use to improve existing
approaches
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® Machine learning has already changed
the way we do particle physics from
trigger/data acquisition to event
reconstruction, simulation, data analysis,
and interpretation

® |tis an essential and versatile tool
that we use to improve existing Machine learning
N

d pprOaCheS = particle physics

® |t enables fundamentally new
approaches

* |nthistalk, I'll focus on fast inference
of ML and how they can shift the
paradigm
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Computing Hardware

Image: Microsoft
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HL-LHC Data Processing

Compute
Latency

<

1 ns 1 us

OL2

Challenges:
Each collision produces O(103) particles

The detectors have O(108) sensors

Extreme data rates of O(100 TB/s)
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HL-LHC Data Processing

Compute
Latency
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Challenges:
Each collision produces O(103) particles

The detectors have O(108) sensors

Extreme data rates of O(100 TB/s)
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HL-LHC Data Processing
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Extreme data rates of O(100 TB/s)
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Simplified HL-LHC Trigger

CMS-TDR-021
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Simplified HL-LHC Trigger

Thresholds set by
backgrounds, limited
resolution @ L1, and

CMS-TDR-021 rate budget
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Simplified HL-LHC Trigger

* Single/double/triple muons/electrons

Thresholds set by
backgrounds, limited
resolution @ L1, and

CMS-TDR-021 rate budget
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Simplified HL-LHC Trigger

* Single/double/triple muons/electrons H -
2 1 15,7
31 5,3,3
1e 36
2 e 25,12

Thresholds set by
backgrounds, limited
resolution @ L1, and

CMS-TDR-021 rate budget
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Simplified HL-LHC Trigger
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Simplified HL-LHC Trigger
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Simplified HL-LHC Trigger
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Simplified HL-LHC Trigger
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Simplified HL-LHC Trigger
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What could be missing?
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What could be missing?

* How can we trigger on more complex low-energy
hadronic signatures? Long-lived/displaced particles?

p
\

“r - n \*\.1\

Image by Matt Strassler
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What could be missing?

* How can we trigger on more complex low-energy
hadronic signatures? Long-lived/displaced particles?

* What if we don’t know exactly what to look for?

g ?

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference

7

\
\

'

r

N

‘ :,-“ .
-
\

n \%\/\

Image by Matt Strassler


https://profmattstrassler.com/2024/03/15/searching-for-suep-at-the-lhc/

What could be missing?

® How can we trigger on more complex low-energy
hadronic signatures? Long-lived/displaced particles?

* What if we don’t know exactly what to look for?

* What if our signatures require complex multivariate
algorithms (e.g. b tagging)?
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What could be missing?

® How can we trigger on more complex low-energy
hadronic signatures? Long-lived/displaced particles?

* What if we don’t know exactly what to look for?

* What if our signatures require complex multivariate
algorithms (e.g. b tagging)?

® How can we improve on our traditional (often slow)
reconstruction algorithms?
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ML in Trigger
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(Variational) autoencoders for anomaly detection
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ML in Trigger

Nat. Mach. Intell. 4, 154 (2022)

(Variational) autoencoders for anomaly detection
®* 1D convolutional neural networks for b-tagging
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ML in Trigger

Nat. Mach. Intell. 4, 154 (2022)

® (Variational) autoencoders for anomaly detection
® 1D convolutional neural networks for b-tagging
® Graph neural networks for tracking
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What makes this Hard?

Event | ——» L1 TRIGGER ALGORITHMS N
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What makes this Hard?

® Reconstruct all events and reject 98% of them in ~10 ps

Event | ——» L1 TRIGGER ALGORITHMS w
L1 TRIGGER ALGORITHMS FAIL
Event 3 —» L1 TRIGGER ALGORITHMS FAIL
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What makes this Hard?

® Reconstruct all events and reject 98% of them in ~10 ps
* Algorithms have to be <1 us and process new events every (25 ns) X Ntmux

Latency ~ 10 pus

—
Event | ——» L1 TRIGGER ALGORITHMS N
Event 2 ——» L1 TRIGGER ALGORITHMS FAIL
Event 3 ——» L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns
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What makes this Hard?

® Reconstruct all events and reject 98% of them in ~10 ps
* Algorithms have to be <1 uys and process new events every (25 ns) X Ntmux

®* | atency necessitates all FPGA design o o JS—

' Interconnects
M H

Event 1 —> L1 TRIGGER ALGORITHMS W B e E
o S

Event 2 —> L1 TRIGGER ALGORITHMS FAIL

Event 3 —> L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns
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What makes this Hard?

® Reconstruct all events and reject 98% of them in ~10 ps
* Algorithms have to be <1 uys and process new events every (25 ns) X Ntmux

®* | atency necessitates all FPGA design _
® Algorithms have to fit on <1 FPGA 5 s ﬂ

2--1-B-K
otency ~ 10 X-E-R-F-K

Event 1 —> L1 TRIGGER ALGORITHMS W B e E
o S

Event 2 —> L1 TRIGGER ALGORITHMS FAIL

Event 3 —> L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns

o Cio
Programmable
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What makes this Hard?

® Reconstruct all events and reject 98% of them in ~10 ps
* Algorithms have to be <1 uys and process new events every (25 ns) X Ntmux

®* | atency necessitates all FPGA design o o JS—

® Algorithms have tofiton <1 FPGA 5 s H
* How can we satisfy these constraints? M H

Latency ~ 10 ps M H H

Event 1 —> L1 TRIGGER ALGORITHMS W B e E
o S

Event 2 —> L1 TRIGGER ALGORITHMS FAIL

Event 3 —> L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns
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NSF A3D3 Institute

Accelerated Artificial Intelligence Algorithms for Data-Driven Discovery

Our Mission is to enable real-time Al techniques for scientific and engineering discovery by

uniting three core components: Scientific Applications, Artificial Intelligence Algorithms, and
Computing Hardware.

OAC-2117997

Collaborators welcome! Check the a3d3.ai for events

Accelerated Al
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Modern FPGAs

Pros:

® Reprogrammable interconnects FPGA
“programmable hardware?”

sfls]]= [lE]l=
SIS NSNS JIS)

between embedded components that
perform multiplication (DSPs),

apply logical functions (LUTSs),

or store memory (BRAM)

* High throughput I/0: O(100) = DDDDDDDD
optical transceivers running at L] DDDDDDDD
O(15) Gbps SN I

® Massively parallel [ ] DL__.DDL._ID

* | ow power

Cons:

® Requires domain knowledge to program (using VHDL/Verilog)
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Design Exploration with his4dml

JINST 13, P07027 (2018)

* hilsdml for scientists or ML experts to translate ML algorithms into RTL firmware

~

Model

\_/

/

N\

Keras
TensorFlow
PyTorch

Compressed

model

Machine learning model
optimization, compression
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Design Exploration with his4dml

JINST 13, P07027 (2018)

* hilsdml for scientists or ML experts to translate ML algorithms into RTL firmware

~

Model

\_/

Keras
TensorFlow
PyTorch
\ Compressed
model

Machine learning model
optimization, compression
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* hilsdml for scientists or ML experts to translate ML algorithms into RTL firmware
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TensorFlow
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\ Compressed
model

Machine learning model
optimization, compression
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Many tools with different strengths

® FINN (NNs): https:/finn.readthedocs.io/en/latest/
®* Confier (BDTs): https://github.com/thesps/conifer

®* fwXMachina (BDTs): http://fwx.pitt.edu/

®* FlowGNN: https://github.com/sharc-lab/flowgnn

—
(b) FlowGNN Architecture with Multiple Node Transformation, Multiple Message Passing, and parallelized Edge Embedding FW
TN Edge Embedding (EE) + Message Passing (MP) 4 Message ) M a Ch I n a

Message Nodes received Buffer 2

messages

- J

' |
| I
' I
' |
! MPUnitl1 o iyl !
Buffer 1 , , — Gath i Scatter

: u < 3 Multicast to responsible (Szurgé node @Edﬁe.em.bﬁjd.m &1 (to dest. node) Bank 1 :
1 | Size: N MP units based on — Size: N/4 :
I destination nodes I
I MPUnitl = N I
: Gather Edge embedding Scatter Bank 2 |
; (" Node ) |Node Transform. (NT) mE-to-Mh — @ [ | {to dest. node) Size:N/4 | |
I | Embedding Node Adapter | | | FessTETmmmm———— !
: Buffer Load Shared Weights | Embedding Re-batch MP Unit 1 :
T N Queues 2 - q @;dge embedding . Scatfjer) S!3an|{<\|;>4 :
| : — — source node ..... to dest. node |1Ze: I
| ngﬁ‘kN}z NT Unit 1 Q —* multicast | | | e s e | oo !
: ________ ¢ to — MP Unit 1 Bank 4 I
_ — i . Q — her Edge embeddin Scatter ize: ;

I Bank 2 NT Unit 2 | responsible Q —» Gat Size: N/4 |
: Size: N/2 . — (source node) I @ HEEEE to dest. node) )
|

' |

MP units
\____/

___________________________________________________________________________________
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Application: Measure Muon prt at 40 MHz
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Application: Measure Muon prt at 40 MHz

CMS Phase-2 Simulation 14 TeV

i L1 Mu0|§1 p, > 20 GeVé |

I . .................... EMTF++ ----------- --------------------- + """""""" ] 3 hidden layers

Rate [kHZ]
S

_~ with 30/25/20 nodes
-~ /

// /
— —3 ’/

h IS 4 m I B output node:

E é é / *a/py
] S — S— o — — — 36 input ’

nodes

. —
—
: —
L
- ‘
. - .
: - :
. -— .
-~ :
— :
— :
— :

+’I/I/’I/i/I/’I/I/IiIIIIiIIIIiIIIIiIIIIiIIII
% 50 100 150 200 250 300 350

PU
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Application: Measure Muon prt at 40 MHz

CMS Phase-2 Simulation 14 TeV

i L1 Muon p, > 20 Gev; }

: f EMTF I
o - """""""""" EMTF++ """""" """"""""""" + """""""" -

Rate [kHZ]
S

Al circuit for ultrafast inference on FPGA

|
e
| —] :— lc ~.
| i
(S ” !
i) .--i }E‘l.
- ", [ 1
g !
, l
Y 5 -
¥_ N
1 M '
: |
Sy :
il |
= ! ]
| 4
‘.l |
J

AR S

+/|/r’|’i/|/’|/|/|/}i/l [ 1 | I [ 1 | | I [ 1 | | I [ 1 1 | I [ 1 | |
OO 50 100 150 200 250 300 350
PU

| :' |1
t : '
NN measures muon momentum ¥ . rIrHlﬂ

3x reduction in the trigger rate for NN! HE mhﬁﬂi
Fits within L1 trigger latency (240 ns!) and FPGA 'T"I:fcfﬁgﬁ.i:'tmfofég/s

resource requirements (less then 30%) ,
: 23 = 30 = 25 = 20
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Application: ATLAS LAr Calorimeter

Convolutional and Recurrent Neural
Networks
for real-time energy reconstruction of

ATLAS LAr Calorimeter for Phase 2

-----------------------

- imulation '?:4» AREUS Simulation —— input samples

” EMB Middle (n,¢) = (0.5125, 0.0125 R . (® 4 EMB Middle (n, ¢) = (0.5125,0.0125) .

4 > = 140 Digitized signal = L <> =140 ——— true energy |
w

E; [GeV]
:

Up to around 600 calorimeter channels ' JJ& L s
processed by on device I I S e
200 ns latency of predictions 3 weeew
. 0 | N T I
Implemented on Intel FPGASs (previous L]

examples are all AMD)
- Team contributed majorly to RNN and
Intel implementations of hls4ml

10.1007//s41781-021-00066-y
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Application: Anomaly Detection

Nat. Mach. Intell. 4, 154 (2022)

Data challenge: mpp-hep.github.io/ADC2021

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference
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Nat. Mach. Intell. 4, 154 (2022)

Applicaﬁon: Anoma Iy DEtECﬁOn Data challenge: mpp-hep.github.io/ADC2021

* Challenge: if new physics has an unexpected signature that doesn’t align with existing triggers,
precious BSM events may be discarded at trigger level
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Applicaﬁon: Anoma Iy DEtECﬁOn Data challenge: mpp-hep.github.io/ADC2021

* Challenge: if new physics has an unexpected signature that doesn’t align with existing triggers,
precious BSM events may be discarded at trigger level

® Canwe use unsupervised algorithms to detect non-SM-like anomalies?
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Nat. Mach. Intell. 4, 154 (2022)

Application: Anoma Iy DEtECﬁon Data challenge: mpp-hep.github.io/ADC2021

* Challenge: if new physics has an unexpected signature that doesn't align with existing triggers,
precious BSM events may be discarded at trigger level

® Canwe use unsupervised algorithms to detect non-SM-like anomalies?

* Autoencoders (AEs): compress input to a smaller dimensional latent space then decompress and
calculate difference

Latent

space

Decoder
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Applicaﬁon: Anoma Iy DEtECﬁon Data challenge: mpp-hep.github.io/ADC2021

* Challenge: if new physics has an unexpected signature that doesn't align with existing triggers,
precious BSM events may be discarded at trigger level

® Canwe use unsupervised algorithms to detect non-SM-like anomalies?

* Autoencoders (AEs): compress input to a smaller dimensional latent space then decompress and
calculate difference

* Variational autoencoders (VAEs): model the latent space as a probability distribution; possible to

detect anomalies purely with latent space variables

N
|
Decoder
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Applicaﬁon: Anoma Iy DEtECﬁOn Data challenge: mpp-hep.github.io/ADC2021

* Challenge: if new physics has an unexpected signature that doesn't align with existing triggers,
precious BSM events may be discarded at trigger level

® Canwe use unsupervised algorithms to detect non-SM-like anomalies?

* Autoencoders (AEs): compress input to a smaller dimensional latent space then decompress and
calculate difference

* Variational autoencoders (VAEs): model the latent space as a probability distribution; possible to
detect anomalies purely with latent space variables

Key observation: Can build an anomaly score
2 from the latent space of VAE directly! No need
to run decoder!

2
O RZ:Z%
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Application: CMS Anomaly Trigger

CMS has implemented a similar idea: AXOL1TL AXOL'TL

* | 1 Hardware implemented VAE-based AD trigger

(based on https://arxiv.org/abs/2108.03986)
Event display of the

® Trained on 2018 zerobias data, ran in 2023 Global highest anomaly score
Trigge r TeSt C rate CMS Experiment at the LHC, CERN

' Data recorded: 2023-May-24 01:42:17.826112 GMT
’/“_- Run/Event/LS: 367883 / 374187302 / 159

® CMSisalsodeveloping CICADA, a calorimeter only
AD trigger

==

Similar effort is ongoing in ATLAS

CMS-DP-2023-079

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference 18
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Low-latency Transformers 2 Xiv:2402.01047

Output
class probability: b / ¢ / light

Observed Inference Latency ~ 2-6 us

Output Layer
Softmax

Reuse and clk | Interval (cycle) | Latency (cycles) | Latency(time)

Feed Forward (3 Dense)
Unite =73 16, 8 R1(6.577 ns) | 49 269 2.077 us
R2 (6.215 ns) | 65 449 3.467 us
R4 (4.723 ns) 100 768 5.853 us

Transformer Block X3
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HL-LHC Data Processing

Compute
Latency
1 ns 1 s T ms 1s
7.5 kHz
1 MB/evt
—
Offline
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HL-LHC Data Processing

Compute
Latency
1T ns 1s
7.5 kHz
1 MB/evt
© —

Offline
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Smart Pixel

arXiv:2310.02474
arXiv:2312.11676

Proton-proton °

collisions at ”
40 MHz 83 {t.Q,x,y,2,8,0)
In-sensor mixed-signal

spiking convolutional NN
to extract {£Q.x.%.2.0.0)

e Silicon pixel sensors
| {t.Q.x.y.2,0,0}; 12.5x50 pm pitch, 100 pm thick

@ (=] £n N o

10

12

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
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Data reduction and reconstruction on
sensor for silicon pixel detectors

We can reduce the data rate read out by a
futuristic pixel detector using Al on-chip

e Factor of ~20 from pT filter
e Additional savings from compression

State-of-the-art dataset for developing
algorithms for implementation on-ASIC

e Simulated MIP interactions in a futuristic
pixel detector

Dataset available on zenodo
21
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HL-LHC Data Processing

Compute
Latency
1 ns 1 s T ms 1s
7.5 kHz
1 MB/evt
—
Offline
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HL-LHC Data Processing

Compute
Latency

<

1 ns
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Second stage of
LHC trigger

7.5 kHz
1 MB/evt

—

Offline

22



Computing Hardware

Second stage of LHC
trigger

FLEXIBILITY

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference

= O

ASICs

EFFICIENCY

Image: Microsoft
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Exponential trend in computational need of Al

Training FLOPs Scaling for SOTA Models

le+09 -
- GPT-3
- ®
SO Transformer:  750x/ 2 yrs icrosadPrNLG
] Moore's Law: 2x [ 2 yrs ® o
- d Megatron LM
o le+07 = @ Wav2Vec 2.0
- XLNet -
S |
(«
9 : ® o MoCo ResNet50
= i
:EL InceptionV3
o le+05— ® GPT-1
o : @
o - Transformer
g - Seq2Seq ResNet ResNext ®
= 1le+04 = o e ®
= : VGG DenseNet ELMo
= ]
: o @
le+03 | AlexNet
- @
le+02-
1 1 I ] | I ] | | 1 ] | 1] r 1 I 1 ] 1 | | r ] ! ] F | 1 1 r | r
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Al Chips in 2023

Meta

AMD / Xilinx

VERSAL®
ADAPTABLE
HARDWARE

Graphcore

Neural
Engine

Cerebras WSE

1.2 Trillion transistors

Who to include these different processors into our computing system?

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference
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Heterogeneous computing platform

Coprocessors: specialized processors like GPU, FPGA, TPU,
GraphCore, other Al chips, etc

Increased usage of specialized processors in the future

Direct Connection: Different heterogeneous systems
are directly connected to each other

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference
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Heterogeneous computing platform

Coprocessors: specialized processors like GPU, FPGA, TPU,

GraphCore, other Al chips, etc / \

Increased usage of specialized processors in the future

. CPU
Direct Connection: Different heterogeneous systems m
are directly connected to each other

Advantage: fast and stable . ' j
Disadvantage: not flexible and not fully utilized due to inferences’ complexity varies.

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference
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Inference as-a-Service

Client - Server connections are made
through network

Server running on single / multiple GPUs

Single server can process multiple client
requests

/

N
Rl

CPU

\ /

Clients
Athena/CMSSW

Advantage: flexible and CPU-coprocessor ratio can be optimized
Disadvantage: network topology and stability affect the inference

throughput and latency

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference

gRPC
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Cloud/HPC/Local




Inference as-a-Service

Demonstration on how it would work in the ‘CMS
offline computing’ reality, and how much do we gain

e Roughly 13% gain in throughput
e The distance between the client and server does
not impact the latency

ATLAS is currently working on making GNN-based
tracking as-a-service

] Graph Neural

Metri
el Lea ricg “X i D m-'f, Co mp nents ﬁ/
.@ ﬁ . 0 *w‘. h&
W MMde 2‘, 7 ./ ‘ COmp ents 5
“ + Walkthrough
Hits Graph Edge Scores Track Candidates
Graph Edge Graph

Labeling

Construction Segmentation

ACAT 2024 talk
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https://indico.cern.ch/event/1330797/contributions/5796611/attachments/2820244/4924638/ACTS_as_a_service_ACAT2024.pdf

HL-LHC Data Processing

Compute
Latency
1 ns 1 s T ms 1s
7.5 kHz
1 MB/evt
—
Offline

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference

29



HL-LHC Data Processing

Compute
Latency

<

1 ns
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Second stage of
LHC trigger

7.5 kHz
1 MB/evt

—

Offline
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ML-based Particle Flow doi:10.5281/zen0do.8260741

® Gen. particles, reco. tracks and calorimete . B |
hits, reco. Pandora PF particles in article Flow Reconstruction

EDMA4HEP format Scalable Neural Network Models and Terascale Datasets

® CLIC detector (CLIC 03 v14) simulation with
Geant4, reco. with Marlin interfaced via
Key4HEP including Pandora PF reco.

® Processes generated with Pythia8 at

\/s = 380GeV
* ¢Te” — tt,qq, ZH(z7), WW, tf + PU10

* Single-particle: e™, u™, K n, ™, y between
[1,100] GeV

® 2.5TB, 6 million events in total

https://www.coe-raise.eu/od-pfr
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MLPF Performance

arXiv:2309.06782

1e5
.E | | | | | | | | | | | | | | | | |
2 | e*e” -» WW — hadrons _
2 1.0 PF (M=1.04,IQR=0.11,f,=0.91)  _
'_g - MLPF (M=0.99,IQR=0.06,f,,=0.93) -
()] B J' B
- B
@)
=08l i
E B
0.6 ! _ N
0.4 —
0.2+ i} —
: baseline
I | | | | | I | | | i | { 1
0.0 0.6 0.8 1.0 1.2 1.4
Elham E Khe jet PT reco/PT, gen
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MLPF Performance

arXiv:2309.06782

® Generalizes tosamples (e.g.,e e™ = WW — hadrons) never used in training

Elham E Kh¢
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Matched jets / bin
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o
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0.2

1el5 I I | I I I | I I I | I I I | I I
e*e” - WW — hadrons _
u PF (M=1.04,IQR=0.11,f;,=0.91)  _
MLPF (M=0.99,I1QR =0.06, f,=0.93)
J' -

baseline
i I I I ! | I ;
00 0.6 0.8 1.0 1.2 1.4

j et P, reco/ P, gen
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MLPF Performance

arXiv:2309.06782

® Generalizes tosamples (e.g.,e e™ = WW — hadrons) never used in training

®* ~50% improvement in jet response width over the baseline®

1e5 |

—h
o
I | I I

Matched jets / bin
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0.6

0.2

0.0——

Elham E Kh¢

| | | | | | | | | | | | | | | |

ete- - WW — hadrons

PF (M=1.04,IQR=0.11,f,=0.91)  _
MLPF (M =0.99, IQR = 0.06, f,, = 0.93) -

T
MLPF
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0.8 I I1f0 1.2 I1.4

j et P, reco/ P, gen
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—
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|120| | |14OI —
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100

*Defined with gen. particle status = 1
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Summary and Outlook
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® ML allows us to better reconstruct our data and
save potentially overlooked data
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Summary and Outlook

® ML allows us to better reconstruct our data and
save potentially overlooked data

® Codesign principles can enable ML on hardware
with stringent constraints

* Alternative computing solutions like as a service

approach will help us adopt to the growing discovery of
computing hardware

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference

Accelerated Al
Algorithms for
Data-Driven
Discovery
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Summary and Outlook

* Community (fastmachinelearning.org, e-group

his-fml@cern.ch) and Institute (a3d3.ai) developing
open-source tools and techniques to enable this

®* hisdml: expanding open-source
toolkit for translating ML into hardware aimed
at trigger applications and more...

®* Applications range from momentum regression,
to b-tagging, tracking, and more!

®* Enhance future particle physics program

Elham E Khoda (UCSD, A3D3) — Fast Machine Learning Inference
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Summary and Outlook

* Community (fastmachinelearning.org, e-group

his-fml@cern.ch) and Institute (a3d3.ai) developing
open-source tools and techniques to enable this

®* hisdml: expanding open-source
toolkit for translating ML into hardware aimed
at trigger applications and more...

®* Applications range from momentum regression,
to b-tagging, tracking, and more!

® Enhance future particle physics program
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Towards Future Collider

AMD MIS00A APU

As the computing developments are very dynamic it is very
difficult to guess the future solutions

e Larger ML models are becoming common
e Faster hardware are emerging

Example server architecture with four interconnected APUs

HL-LHC is a good checkpoint for upgrading our software /
hardware infrastructure for Fast Inference (with

heterogeneous computing)
e Integrate more Al/ML into wide range of activities

As a community we need to continue pushing the frontier
and stay at the front of this rapid development
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https://www.amd.com/content/dam/amd/en/documents/instinct-tech-docs/data-sheets/amd-instinct-mi300a-data-sheet.pdf

Thank You
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Small NN benchmark correctly identifies particle “jets” 70-80% of the time
his4ml
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