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... PARTICLE PHYSICS 60 YEARS AGO ol etecion @ s T

Actually taking pictures of particles

Bubble chamber event:
Muonic decay of a
neutral K meson
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WHAT WE D0 TODAY @ THE LARGE HADRON CoLLIDER (LHC) pnomal detection @ il 1 e

How collisions help us
What we want to study

W, Z

W, Z

Production of a Higgs boson (H) through Vector Boson Fusion (W/2) Partons and hadronization



https://sherpa.hepforge.org/trac/wiki/MonteCarloGenerators

THE CMS EXPERIMENT AT THE LHC ol etecion @ s T

The CMS experiment:
LHC camera with 100 Mpixel



Anomaly detection @'A‘Cr;t/lljsr Iljo$:;gggr
How CMS SEES PARTICLES

Different particle types can be measured with different detectors

Om m

Key:

Muon

Electron

Charged Hadron (e.g. Pion)

- = — - Neutral Hadron (e.g. Neutron)
""" Photon
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Hadron Superconducting
Calorimeter Solenoid

Iron return yoke interspersed

Transverse slice with Muon chambers

through CMS

D Bamaey, CERN, Febriwry 2004
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COLLISIONS AT THE LARGE HADRON COLLIDER fromal detecton © Ch 4 e
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How LHC coLLISIONS LOOK LIKE

CMS Experiment at the LHC, CERN
Data recorded: 2017-Oct-24 05:30:27.213248 GMT
Run / Event / LS: 305518 / 207815469 / 107
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SEARCHING FOR THE NEEDLE IN THE LHC HAYSTACK fnomely election @ s e

proton - (anti)proton cross sections
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Anomaly detection @'A‘CrlE/l\JSr II__10|T3:ilgg(,)e\zlr
THE CMS TRIGGER SYSTEM

e Cannot record 40 MHz of collision data!
® CMS exploits a two-level trigger (filter):

LHC Collisions 1. Level-1Trigger (L1T)

40 MHz * Implemented in hardware on FPGAs*

L1 Trigger * Receives coarse detector data

110 kHz

11 vs HLT

__ ' .. resolution
). High-Level Trigger (HLT) e

Decision within microseconds

CMS

6 kHz . .
* Uses CPU/GPUs in a computing farm
- Full resolution of detector data

Decision within seconds
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* details to come .



Anomaly detection @'A‘Cr;tllljsr IEOIToﬁgg?:r
CMS LEVEL-1 TRIGGER AISSAI 2024, Clermont-Ferrand

Miye

Raw detector
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FPGA: FIELD PROGRAMMABLE GATE ARRAYS ol etecion @ s T

The CMS L1 Trigger is based on 100s of FPGAs:

@ Integrated circuit with programmable logic

Originally introduced for prototyping
Application-specific Integrated Circuits (ASICs)

© FPGAs consists of different parts of logic cells
for high throughput and 1/0 operations
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xkcd “Python”


https://xkcd.com/353/

ANOMALY DETECTION
@ CMS L1 TRIGGER
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ANOMALY DETECTION IN CMS Anomaly detecton @ CS L Trigge

e Searching for new physics at the LHC — multiple fronts:
Direct: e.g. looking for exotic particles (peak or excess searches)
Indirect: precision measurements of particle parameters (e.g. H couplings)

Anomaly detection using recorded data (examples at this conference)

Simple Anomaly
Kinematic cuts Detection

e ——e—————

o All rely on existing selection (trigger) algorithms
-> Model dependent or high energy thresholds

Model Independence

» What if anomalous collisions are NOT RECORDED? od oependen

-> Anomaly detection at trigger level! Rate reduction

15



ANOMALY DETECTION WITH AUTO-ENCODERS ol etecion @ s T

@ Autoencoders train unsupervised on data

Learn to compress and to reconstruct the data

Difference X — x = "degree of abnormality”

Real data X | | . Reconstructed data X

16



ANOMALY DETECTION WITH AUTO-ENCODERS ol etecion @ s T

@ Autoencoders train unsupervised on data

Learn to compress and to reconstruct the data
Difference X — x = "degree of abnormality”
> If trained on “background” —> “signal” is anomalous!

Real data X | | . Reconstructed data X

17



ANOMALY DETECTION FOR TRIGGERING ol etecion @ s T

- Traditional triggers: select dedicated (high-energy) phase space

- Anomaly detection (AD) trigger: trained on random LHC collisions (ZeroBias)

New physics (NP) potentially results in a high reconstruction error

- - LOST DATA - - LOST DATA
B SELECTED DATA 88 SELECTED DATA
- - POSSIBLE NP SIGNAL

- - POSSIBLE NP SIGNAL
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Trigger threshold Energy (GeV) AD threshold Reconstruction error
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ANOMALY DETECTION @ CMS LEVEL-1 TRIGGER fnomaly detecton © (s 1 e

Calorimeter Trigger

(< i
‘ ECAL HCAL HCAL CSC DT ] RPC
HB/HE uHTR HF uHTR CuOF
OSLB ¢ - ¢ »
4 2N e ™
© L
4 e
e R
I
A4

Calo Trigger Layer 1

l

Calo Trigger Layer 2

Raw detector images:

CICADA

Reconstructed objects:

AXOL1TTL

19
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AXOLTTL: ANOMALY DETECTION WITH OBJECT TOPOLOGY fnomely election @ s e

R¥ AXOLTL (Anomaly eXtraction Online Level-1 Trigger aLgorithm) is a variational auto-encoder:

Encodes input as a distribution over the latent space

Add regularisation term in loss: KL divergence, how different is distribution from Gaussian

o Inputs: L1 trigger objects 4-vectors (pT, n, ¢)

Most energetic 4 electron/photons, 4 muons, 10 jets and missing transverse energy (MET)

Regularize latent space Sampled latent representation

to avoid overfitting A
pr | n | ¢ pr | n | ¢
MET MET
4 4
10 jets : : 10 jets
CMS-DP-2023-079 loss = ||x-X]|]? + KL N, 1) ] .



https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546

AXOL1TL: ARCHITECTURE OPTIMISATION ol etecion @ s T

@ Full NN architecture does not fit the L1/FPGA constraints CMS-DP-2023-079

-> only use encoder half of the network
Compute degree of abnormality from latent space directly

No need to use inputs for anomaly score computation

Half network size and latency!

), ¢
o,/ i < K% term used for
pr | n | o AXOL1TL score
MET A -
4ely
4
10 jets

loss = - KL[ ,N(O, 1) ]
22


https://cds.cern.ch/record/2876546

AXOLTTL: FPGA IMPLEMENTATION promaly detecton @ Che 1 e

Artur Lobanov
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AXOLITL o Implemented on Xilinx Virtex-7 XCVU9P FPGA

= MP7 payload

® Met requirements on latency and resources

Resource utilization of Virtex-7 FPGA chip on Imperial College MP7 uGT board

Latency LUTs FFs DSPs BRAMSs

2 ticks

AXOLITL |5on | |© o |

his 4 ml

CMS-DP-2023-079
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https://cds.cern.ch/record/2876546

Anomaly detection @'A‘CrlE/l\JSr II__10|T3:ilgg(,)e\zlr
AXOLTTL: CoMMISSIONING

© AXOLITL is trained with unbiased data collected

g procy ARSI by CMS during 2023 with Vs=13.6 TeV
R s ; ; - 10.5 million events (50/50% for training/testing)
105} i — HLSerIinuIation = .
| Ei B - Selected 5 test scores in firmware
i 3 L |
ol | 1@1 -] @ Commissioned in Global Trigger Test Crate during
oL e proton collisions in 2023 —> stable as standard triggers
: E : _ CMS Preliminary | | | | 0.467 fo~!, 2023 (13.6 TeV)
100 T - =0
S Es S 780 o0 7250 15 =
AXOL1TL Score 104

1 | 1 1 1 1 1 1
23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00
07-Jun

CMS-DP-2023-079 Time UTC] 24



https://cds.cern.ch/record/2876546
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Anomaly detection @ CMS L1 Trigger

AXOLTTL: EVENT DISPLAY

e Example of an anomalous

CMS Experiment at the LHC, CERN .
Data recorded: 2023-May-24 01:42:17.826112 GMT event during 2023 pp

Run / Event / LS: 367883 / 374187302 / 159 collisions (from random
trigger dataset)

- Highest anomaly score
event not triggered by L1

e L1 objects:
- 11 jets with pT > 20 Gev
e Offline objects:

- 7 jets with pT > 15 GeV
from the same vertex

- 75 1dentified vertices

25
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https://cds.cern.ch/record/2876546

AXOL1TL: PHYSICS PERFORMANCE ol etecion @ s T

@ Use simulated hypothetical exotic signal as a anomaly candidate

@ Significant performance improvement on various SM and beyond the SM signals
by adding AXOLITL to the 2023 trigger menu

L1 Efficiency w/ AXOL1TLQfreq

| t =
HPTOVEIEE L1 Efficiency w/o AXOL1TL
. . b
» Example performance improvement for H->aa[15 GeV]->4b signal: 7 4
AXO 'TL Rate 1 kHz 5 kHz 10 kHz h

Signal Efficiency Gain 46% 100% 133%

© Planning to start data-taking with ~0(100) Hz L1 rate in 2024 pp collisions!
CMS-DP-2023-079

26
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CICADA: ANOMALY TRIGGER ON RAW INPUTS fnomely election @ s e

© CICADA (CMS DP-2023/086):

CMS Preliminary 2023 (13.6 TeV)

[E(gggr;;;s} [H(g;\;g;;s} [;;g;g;)} Calorimeter Image Convolutional :
N ]/ Anomaly Detection Algorithm 3
(pre-p rrrrrrrr N
. . . A ]
e } @ Using raw inputs of calorimeter: R
or) o
} Image of 18 x 14 energy deposits
De-multiplex .
Independent of domain knowledge N
oo o } (standard trigger algorithms) .
in
@ Convolutional auto-encoder trained on
background dataset: signal -> anomaly!
y (
|. A 1
I I
, - > )
| '] ¢ e 2 W g C f L B B | 'i ‘
| 30 C /ReLU T/ l
Conv/ReLU s UpSampliug-/C xxxxx /ReLU Conv

CMS DP-2023/086

B
o

w
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o

Calorimeter Et deposit (GeV)
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https://cds.cern.ch/record/2879816?ln=en
https://cds.cern.ch/record/2879816?ln=en
https://cds.cern.ch/record/2876546

CICADA: KNOWLEDGE DISTILLATION

Artur Lobanov
Anomaly detection @ CMS L1 Trigger
AISSAI 2024, Clermont-Ferrand

@ Full CICADA model is too complex for FPGA resources / L1 Trigger requirements
—> use Student-Teacher Knowledge Distillation

Teacher model: complete encoding and decoding of the original input data

Anomaly score (reconstruction error): average of the squared error (predicted - input)
in reconstruction for each of the 252 individual energy deposits (Mean Squared Error)

Student model: regresses the anomaly score of the teacher model

Smaller convolutional layer with only &4 filters + few dense layers
-> 10x faster & less resources -> fits FPGA/LIT requirements

____________

CMS DP-2023/086

a1 . ;X
r/ :I ' *

29


https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2879816?ln=en

Anomaly detection @ACrlE/ller IIAOIT:):;gg(,)e\zIr
C I CADA: COM M ISSION I NG AISSAI 2024, Clermont-Ferrand

@ CICADA currently being commissioned in the L1 Trigger test system
- Software-based emulation based on Firmware (HLS4ML) and validated

Preliminary performance estimates promising + operational stability tested

@ This is the first anomaly detection on low-level inputs in a LHC trigger system!

CMS Preliminary ' 2023 (13.6 TeV) ) CMS Preliminary 2023 (13.6 TeV)
g 1 4|§_ RunB, 5 kHz Threshold: 10.60 g 19 ; CICADA 5 kHz (overall, nominal) CICADA 3 kHz (pure, nominal) L1 Single Mu 22
% O ? RunC, 5 kHz Threshold: 10.89 :f";; - L1 Single Jet 180 L1 Single Tau 120
* 103§— RunD, 5 kHz Threshold: 11.57 - i
10 - Firmware-emulated 10
10 anomaly score
e } for random data
— N
101 ~~__(background) |
— “"1‘:95__; - og e
b N i CICADA rate stability
i "ET! i wrt standard L1T algorithms
- T R R R R A A N N R N T I R R I U T BN R B R R T A S R B AR R A B AN S R B R R B R RN A BN AT RN I B

. 1 L I L |
10 20 30 40 50 10777180 190 200 210 220 230 240 250 260

CMS D P-2 023/0086 CICADA score Lumisections 30
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ANOMALY DETECTION WITH THE CMS LEVEL-1 TRIGGER ol etecion @ s T

@ Various anomaly searches for new physics performed at the LHC

@ Opening a new direction:
anomaly detection in the CMS Level-1 Trigger

Challenging environment for L1T:

Hardware/FPGAs: restricted resources and latency (ns!)

Physics: <60> simultaneous collisions,  CMS preliminary 2023 (13.6 TeV
only calorimeter and muon detector data :
: . . . -
@ Two auto-encoder approaches being commissioned in CMS: - o

w
o

AXOL1TL: using high-level physics objects [CMS-DP-2023-079] *

Calorimeter E+ deposit (GeV)

-
o

CICADA: using raw detector data [CMS DP-2023/086] m
- m
® Promising prospects for anomaly triggering in CMS! [HL-LHC 1T]

1
o

32


https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2879816?ln=en
https://cds.cern.ch/record/2714892?ln=en

THIS 1S YOUR MACHINE (EARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE WRONG? )

JUST STIR THE PILE DNTIL
THEY START LOOKING RIGHT

xkcd "Machine Learning”
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https://xkcd.com/1838/

Anomaly detection @'A‘CrlE/l\JSr II__10|T3rEilgg(,)e\zlr
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TOWARDS THE
HIGH-LUMINOSITY LHC
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CMS L1 TRIGGER FOR THE HigH-LuMiNosITY LHC pnomal detection @ il 1 e

© High-Luminosity phase of the LHC (HL-LHC) will start in 2029:
3x higher instantaneous luminosity and pileup wrt current conditions

CMS will upgrade most of its detectors, including the (trigger) electronics

@ L1Trigger for the HL-LHC: Caorimetor rigger  Thack inder o rigger
Bandwidth: 2 -> 63 TB/s

Output 100 —> 750 kHz

Latency: 4 _> 12 US : . Global I(\gL;V?%Trigger
© Tracking @ L1T + new orscazmg o [l
processing systems will enable

“offline-like” reconstruction | Global Tigger (@1

37



FPGAS: WORKHORSE OF THE CMS LEVEL-1 TRIGGER ol etecion @ s T

l TRACK FINDER l

TMUX=18 ~—t1+t
RS=9(phi)

e T T T T T I 1 —
------ —go
TMUX=6 SEEEEm TMUX=6
RS = 6 --+HHE
FPGAs =36 ""eEEw FPGAs = 12

Hundreds of FPGAs

CALORIMETRY
PARTICLE FLOW

MUONS
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L7 ANOMALY TRIGGERING @ HL-LHC Anomalydetection @ CHS 1 Triger

e ML-based triggers proposed in the LIT *TDR” for the High-Luminosity LHC

@ Classifier approach: binary classifier for known signals trained on simulation (DNN)

@ Anomaly detection: auto-encoder based on L1 trigger objects (as AXOL1TL)

- Sensitivity at the ~same order as of the classifier approach (e.g. VBF H>inv)

" 07_CMS Phase-2 Simulation 14 TeV, 200 PU >0_8QM§ Phase-2 Simulation ___ 14TeV, 200PU
= O i
Lié § ¢?  Inclusive MET § i
.09)’ 0.6:— A Inclusfve VBF % 0.7:—
® Tests of AXOL1TL and ; « CubwmavEEHAm. 2o e
0.5 —e— DNN VBF H—lInv. S | '
i “ - VBFH->bb
CICADA pave the way ) e
°® ° L E
for anomaly triggering : s :
0.3 o :
® B I e —" " =
at the HL-LHC in CMS! : i
0.2 5 S it
- o2 T e E
“FNN classifier for VBF H>inv i Anomaly trlgger 3
OL:IIII|Illl|IllllIlllllIIIIIIIIlIIIIIllIIllllll OO—T """"""""""""
0O 10 20 30 40 50 60 70 80 90 0 50 700 750 200 250 300
Rate (kHz) Rate [kHz] 39


https://cds.cern.ch/record/2714892?ln=en
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Anomaly detection @ CMS L1 Trigger
AISSAI 2024, Clermont-Ferrand

EXTRACTING ANOMALIES FROM LHC DATA

Example signal: Higgs decay to two photons

1. Select events: 2 high-energy photons
2. Reconstruct H candidates: invariant mass of two photons

- Higgs Is a resonance —> peak in m_yy spectrum

- Backgrounds —> falling spectrum

3.5 — |_(|: _IYIYSY S/(S+B) weighted sum
3. Hypothesis testing p(theory|data): e

- Null hypothesis: background-only
- Signal hypothesis: signal+background

S/(S+B) weighted events / GeV

@ New physics can affect/appear in/ all stages

-100 -
110 115 120 125 130 135 140 145 150

100 -

19.7 b (8 TeV) + 5.1 b (7 TeV)

o~ +0.26
w =114"y5

— M, =124.70 = 0.34 GeV

----- B component

m,. (GeV)

40



Anomaly detection @'A‘CrlE/l\JSr II__10|T3rEilgg(,)e\zlr
AXU L1 TL: CU M PRESSION AISSAI 2024, Clermont-Ferrand

@ Quantization-aware training with QKeras and FPGA adaptation with HLS4ML
- Narrow, shallow model, aggressively quantised

e Output is one vector [13,1], corresponding to p part of [y,0] KL loss
(dropping o as it is small -> reduces processing time)

@ Anomaly score: sum squared of the p vector

N
g h : ll\gE”l/" _;f : {4\/[E/T _:(concatenate\
e/gamma e/gamma
uGT upstream » 8 muon y Prunc » 4 muon > bﬂ?tt}??t )
. ) » 12 Jets > ) » 10 Jets »( oitshift
- ap_fixed<8,6>[57] ‘)
(0 Dense |32] A 4 Dense [16] A 4 Dense [13] A . .
5 kernel: fixed<6,3> ,| kernel: fixed<6,3> kernel: fixed<6,3> 5
bias: fixed <10,7> |<32>| bias: fixed <10,7> <16§ bias: fixed <10,7> <13>) M
activ: qrelu fixed<10,7> activ: grelu fixed<10,7> activ: qrelu fixed<10,7> S g



https://github.com/google/qkeras
https://fastmachinelearning.org/hls4ml/
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AXOLTTL: LOSS TERM Anomaly detecton @ CMS 1 Trigger

000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

The AXOL1TL anomaly detection uses a Variational Autoencoder (VAE). A dense feed-forward neural
network reads in (p;, N, ¢) hardware inputs of 19 L1 objects. The encoder network computes a latent

space vector of Gaussian probability distributions, N(u,, o,). The decoder network reconstructs the
original input from the latent space.

2 1
Loss = (1 — ﬂ) ”x — 5\c|| + 'BE('MZ +0%*—1 —logo?)
Reconstruction term Full regularization term

Equation: VAE loss function. The reconstruction term is computed from the difference between the
input (x) and output (x) of the VAE. The second, full regularization term, is the Kullback—Leibler
divergence (KL-divergence) between the latent space distribution and a standard normal distribution

with mean u and standard deviation . The parameter 5 can be tuned to balance the reconstruction

performance with more efficient latent space encoding. At inference time, the loss is approximated
by the mean-squared term 22 of the KL-divergence for latency considerations. This approximation

has no impact on performance.
42
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CICADA: ANOMALY DETECTION ON RAW INPUTS fnomely election @ s e

CMS Preliminary 2023 (13.6 TeV) ts CMS Preliminary 2023 (13.6 TeV) ys CMS Preliminary 2023 (13.6 TeV) CMS Preliminary 2023 (13.6 TeV)
] . ] .
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in in in in

Shown here is a comparison of the teacher model ability to reconstruct a Zero Bias (ZB) beam event (original: far left,
reconstructed: center left) versus a signal sample, Soft Unclustered Energy Patterns (SUEP) on the right (original: center
right, reconstructed: far right). In general, the teacher model is better able to reconstruct the Zero Bias beam event as
evidenced by a far lower loss (0.81) compared to the SUEP loss (14.21). This example shows how the CICADA anomaly
detection mechanism works to find anomalies. From [CMS DP-2023/086]

o
'
o
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FPGA: FIELD PROGRAMMABLE GATE ARRAYS ol etecion @ s T

@ Integrated circuit with programmable logic

- Originally introduced for prototyping
Application-specific Integrated Circuits (ASICs)

® Contrary to ASIC: (re)programmable in the “field”

® FPGAs consists of different parts of logic cells:

- Look-up Tables (LUT), Flip-Flops (FF),
Digital Signal Processors (DSP)

- Also contain RAMs, fast 1/0 etc,

45
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FP A FA T? Anomaly detection @ CMS L1 Trigger
HY ARE S o AISSAI 2024, Clermont-Ferrand

@ Resource parallelism

- Use the many resources to work on
different parts of the problem
simultaneously

~ Achieve low latency

@ Pipeline parallelism

- Use the register pipeline to work
on different data simultaneously FPGAs as a data conveyor belt

- Achieve high throughput

46
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w M L@FPGA? Anomaly detection @ CMS L1 Trigger
HY z AISSAI 2024, Clermont-Ferrand

precomputed and

| DSPs loqgic cells
stored In BRAMSs

Parallelise-able and robust

against reduced precision

output laver Pe rfect for ML Inference
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P FP A Anomaly detection @ CMS L1 Trigger
FRO M TU AISSAI 2024, Clermont-Ferrand

e hlsaml: package for translating NN to FPGA firmware

Keras
TensorFlow

PyTorch

Co -processing kernel

compressed
conversion

Usual machine learning
software workflow

model

Custom flrmware
desngn

tune co nflgurahon

precision
reuse/pipeline

https://fastmachinelearning.org/hls4ml/
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EFFICIENT NN DESIGN: QUANTIZATION Oy Teger for e

ap_fixed<width bits, integer bits>
0101.1011101010

@ In the FPGA fixed point representation is used!

e Operations are integer ops, but one can represent fractional values

> < >
iInteger ' ,
4$. e But we have to make sure we've used the correct data types!
WiI
Scan integer bits Scan fractional bits
Fractional bits fixed to 8 Integer bits fixed to 6
his4ml O his4dml

| i 1
: NIl
< ) - < 0 -

)]
o
ICHE I % 9 - I
@ Full performance at 6 Q
O - . . < s- Full performance at 8
= | integer|bits h |
n = fractional bits
~ > 7
o |1 S | ——

i —=— g tagger 61 —=— g tagger
< I —=— q tagger < % I —=— g tagger
< ; —=&— W tagger <E 5 - —=— W tagger
G —a— 7 tagger (D —a— 7 tagger
al I —a— t tagger & —=— t tagger

\S\ L L<1(;,2> <15l,7> <20:12> <25:17> <30:22> <35:27> <40:32> * <8:6> <13l,6> <18',6> <2?;,6> <2é,6> <33:,6> <38:,6>
) Fixed-point precision Fixed-point precision
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EFFICIENT NN DESIGN: COMPRESSION

Artur Lobanov
ML@VL1 Trigger for CMS
DPG 2023, Dresden

@ Network compression:

widespread technique to reduce the size, energy
consumption, and overtraining of deep neural

networks

e Remove redundancy in model: crucial for FPGAS! 2o-

before pruning

pruning
synapses

-——

pruning
neurons

-——

after pruning

2.5

1.0 A

0.5 1

0.0

.0

led his4ml Reuse factor = 1, Kintex Ultrascale
—#—  Full model ]
—#— Pruned model Fully parallelized
(max DSP use)

e/

compression

Number of DSPs availabl

—u

I

—p

<8,6> <16,6> <24,6> <32,6> <40,6>

Fixed-point precision

/0% compression ~ 70% fewer DSPs
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EFFICIENT NN DESIGN: PARALLELIZATION L@ Triggerfor O

@ Trade-off between latency and FPGA resource usage determined by the parallelization of the
calculations in each layer

e Configure the “reuse factor” = number of times a multiplier is used to do a computation
4+ Fewer resources,

Lower throughput,
reuse = 4 . _
use 1 multiplier 4 times FU"V Serlal ngher Iatency
reuse =2

use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

More resources,

Fu"y para"el Higher throughput,
v I Lower latency

S, Reuse factor: how much to parallelize operations in a hidden layer

o1




