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Why FPGA (vs. CPU)

Hong @
Pittsburgh

Animation from https://gbaylogic.com/wp-content/uploads/2024/05/Animation_CPU-vs-FPGA.mp4

Memory

Software (Data
(Software) (Data)

|
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(Hardware)

Normal processor
Software controls computation process

One operation per clock tick
typical timing 100-3ms

o [I11]]
|-||~||o||-||-||-||-||-|

B o

e

@
control

FPGA
Computation integrated in hardware

Many operations per clock tick
typical latency « ps, thruput » 1 MHz d


https://qbaylogic.com/wp-content/uploads/2024/05/Animation_CPU-vs-FPGA.mp4

Autoencoder recap Hong (i

Pittsburgh
Example: handwritten digits

28 X 28 pixel images Corresponding MNIST data sample
. | Image  Pixel | ~ Pixel 2 Ij)s((;l Ij)s(zl
2 J
500k
# pixels 282 = /84
# bits per pixel  8-bits x 8
16 x 16 pixel (1-bit) # bits per image 6272 3
6272
# bits per image 1621 =+ 256
| traced the Compression factor 24.5

image by hand

Compression isn’t hard, but
autoencoder can do better

y.




Autoencoder recap Hong  (eg

Pittsburgh
Example: handwritten digits (8-bit pixels on 28x28 grid)

e [each it 0, 1, 2, 3, 4 with a sample (doesn’t know about 9!)

784 variables (8-bit) 1 variable (20 bit) 784 variables (8-bit)

300x compression

Meaning
® |nput-output distance is relatively small = good compression
® |nput-output distance is relatively large = bad compression

y.



Strategy

How should we call the autoencoder?

Training Neural network-
done offline on CPU based training

Anomaly detection

« Govorkova et al.,
Nat. Mach. Intell. 4 (2022) 154

« CMS Collaboration,
Comput. Softw. Big Sci. 8 (2024) 11

Data compression

* Guglielmo et al.,
IEEE Trans. Nucl. Sci. 68 (2021) 2179

Not a comprehensive list

Deployment Neural network-
for online on FPGA based design

Hong @
Pittsburgh

Decision tree-
based training

Anomaly detection

* Roche, TMH et al.,
Nat. Comm. 15 (2024) 3527
http://doi.org/10.1038/s41467-024-47704-8

- Ercikti & TMH using VHDL
This talk

Decision tree-
based design
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I’'ll start with these

Neural network-
based training

Training

done offline on CPU

Deployment

for online on FPGA

Neural network-

based design

Hong @ :
Pittsburgh

Decision tree-
based training

A 4

Decision tree-
based design




Autoencoders Hong

Pittsburgh

NN AE "Starcoder" DT-AE

» Training is a black box, done offline * Training is sampling of 1d pdfs
- Latent space is complex + Latent space is simple / interpretable

Latent ) . i
Representation o b LA
o.l °‘\o 90050’:‘:'.
.D‘i o o}ﬁ:ﬂ-ﬂv: ------
, o gt
e = | . P H D~ . 00 [memeeeeee sg -t o @ o :
g, [ e Latent data is
R 1°°5° 1 .
- L the bin number
A
i i
Encoder Decoder i i
1 1
From CMS Machine Learning Group X

https://cms-ml.github.io/documentation/training/autoencoders.himl

i o A CTNVIETE ol g RS TnplolllIToR{elg=Tolo]n EV\REIN®IV/ ST - FPGA version can optionally skip latent sp.

From CMS Public Note, DP-2023/079 . = Distance
Processor
x [ *o_ |
Deep Decision Tree Engine, Sum
Cross-outs anomaly detector version _
: DDTE-ad, A= 24 by
are mine
Reconstruction term Full regularization term
x X1
Encoder Decoder DDTE-ad, :
. - Distance
Y. ] ) Fn., AO
Cross-outs fork=0.. K-1 trees
are mine 5
x DDTE-ady_ Tt
A
Find bin Bin Find bin
location index estimate
Image from_ . L Input data Encoder Encoded data Decoder  Intermediate Metric
https://medium.com/@rushikesh.shende/autoencoders-variational- output

Shown conceptually as
actual encode-decode
occur simultaneously.

autoencoders-vae-and-f3-vae-ceba9998773d

y.



https://cms-ml.github.io/documentation/training/autoencoders.html
https://cds.cern.ch/record/2876546/files/DP2023_079.pdf

DT-AE training developed in-house Hong (g

Pittsburgh

Training by sampling 1d projection of input variables
* [t's doing density estimation
e Encoding: Input variables = which bin it's In

Decoding returns “reconstruction point”
e Decoding: Bin = median of the training data in that bin

|
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Start over
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Choose 1 variable, sample a cut
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Choose median value
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AE becomes anomaly detector Hong  (eg

Pittsburgh
How does this detect anomalies?

e Define: Distance between input — output = anomaly score

e Non-anomaly e Anomaly
e |nput is similar to training data e |nput is not similar to training data
o Will likely land in a small bin = o Will likely land in a large bin =
close to the reconstruction point far from the reconstruction point

|

1

|

|
o | @ =
| 1
-------I ------------ 1I
____________ 1_ o‘.l

_____..________I.L_:

» ---.-—---L




Realized we can skip latent space  Hong g

Pittsburgh

Decode?
e Encode: input var = bin #
e Decode: bin # = coord.

9}
. R e e
Incoming e
v B R
|
Encode: Decode bin 3:
No need to encode return bin 3 return (5,4)

e Starcode: input var = coord.

Encode i1s Decode:
return (5,4)

iy ]
oW 1 4 1
o 8 @ °
o- %
o
1
1
1
1
1
1
o -
1
]
1
1

y.



Starcoder vs. hisdml

Works well
® Physics
e FPGA

(plots)
(table)

Comparison
e his4aml NN-AE

Nature Mach. Intell. 4 (2022) 154

e Physics: comparable AUC

e FPGA results

Update

e Starcoder result here uses
HLS trees. Recently upgraded
to VHDL trees (next slide)

Events (unit norm.)

O
I\

o
—

0 Distribution
X

SM

Dataset:
Govorkova et al.,
Sci. Data 9
no. 118 (2022)

Method:

fwX AE V=56

No. of trees T=30

Max depth D=4

40 50

60
Anomaly score A

Clock speed
Latency
Interval

FF
LUT
DSP

BRAM

SM acceptance (FPR)

Hong

Pittsburgh

ROC curve

DS: Govorkova et al.
Method: fwX AE V=56
] h°— 1t

[(JLQ— bt

=it
L h— v

[CJA— 4l

0 02

200 MHz
80 ns
2 ns
0.5%

3%
1%
0.3%

04 06 08 1
Signal efficiency (TPR)

his4ml starcoder-hls

200 MHz
30 ns
o ns
0.6%

9%
0.8%
0



https://doi.org/10.1038/s42256-022-00441-3

HLS vs. VHDL trees

Starcoder got an update

e HLS High-Level Synthesis

e \/HDL VHSIC Hardware Description Language write VHDL directly
Very High-Speed Integrated Circuit

e [ree design based on

Serhiayenka, TMH et al.
NIM A 1072 (2025) 170209

http://doi.org/10.1016/j.nima.2025.170209

Results
e \VHDL is 3-5x more efficient
e Finishing up final testbench
o Will write-up in proceedings

Hong @
Pittsburgh

C code — RTL / VHDL / Verilog

!

starcoder-hls starcoder-vhdl

Clock speed
Latency
FF
LUT
DSP
BRAM

200 MHz
30 ns
0.6%

9%
0.8%
0

320 MHz
25 ns
3.2x smaller
5.3x smaller
0
0

y.


http://doi.org/10.1016/j.nima.2025.170209

Now the diagonal - 1

Training Neural network-
done offline on CPU based training

Deployment Neural network-
for online on FPGA based design

Hong

Pittsburgh

Decision tree-
based training

Anomaly detection
- Gupta (for ATLAS)
Pheno Symposium 2025

https://indico.global/event/812/contributions/126571

Decision tree-
based design
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VAE variational autoencoder Hong

Pittsburgh
Train VAE

Latent space € R® + R8

1

Output Layer € R6*3

Auxiliary

Hidden Layer € R® | Hidden Layer € R® Outputs

Hidden Layer € R Hidden Layer € R'®

Hidden Layer € R3? Hidden Layer € R3

Hidden Layer € R%* Hidden Layer € R%*

(Average)

2 N

<

BDT Regressor

%D
=
A
S<
2]
(@)
o
=
(¢]

Discard this part

Regress

« Carlson, TMH et al. - A
JINST 17, P09039 (2022)

http://doi.org/10.1088/1748-0221/17/09/P09039

Deploy Trees on FPGA



http://doi.org/10.1088/1748-0221/17/09/P09039

How it looks like in an experiment

I’'m not representing ATLAS today

BDT regressed score [x10?]

o

Data: enhanced bias 2024 data (ATL-DAQ-PUB-2016-002)

Preselection: 2MU3VF

At most 3 leading muons (leading in p.) per event.
Train on unlabeled dimuon events

(P;» N; ¢ of muon pairs) (details in backup).
Consider all combinations (e.g. 3 muon pairs)

Input Layer € R®

for one event H; :
Regressed variables in the model: mass, AR, Ad 2
VAE architecture: Sim el PT nand o
e Encoder: 4 layers

e Latent space: 8D Gaussian (u + 0 — 16 values)

Hidden Layer € R®
Hidden Layer € R16
Hidden Layer € R5*
e Decoder reconstructs inputs + predicts auxiliary
vars (mpp, AR, |A¢|) BDT Regressor = Anomaly Score
Anomaly score = average value over 80 variables in latent

space.
train a BDT regression to learn the NN score

Same 6 variables as inputs for the BDT (2 muons’ P_, n, ¢)
BDTs trained with TMVA: 200 trees, Depth of 20.

Hidden Layer € R®

of two Level 1 Muons Hidden Layer € R

Hidden Layer €

B e e .

= = 103.8‘(2 35— 71— 1 1 T 1T T
4.5 ATLAS Preliminary = £ 5 F PeakOfisst=-003 f ATLAS Preliminary
- s=13.6TeV = w > 3 = s =13.6 TeV =
4E" Enhanced Bias o = g E Enhanced Bias B
3.5 Data 2024 - 5 25 Data 2024 =
E E 102 < C =
3 | = = 2L =1

= > 3 = | ]
2.5 = - i L FWHM=0.25 ]
= = 1 5___ -
2E E C LLi 3
156 good linearity: S 10 1+ hh 3
= "  BDT learns = E § 3
15 auto-encoder score 0.5 J i —

- “ = : : kit ]
0'55 . Correlatlon coeff|0|ent 0. 926 = $‘ cail o d e L T =
) /A T T N TR A TR T T 3 1 6 04 02 0 02 04 06 08 1

152253354455

Anomaly Detection score [x107?]

(BDT - VAE) / VAE score

Source: https://twiki.cern.ch/twiki/bin/view/AtlasPublic/MuonTriggerPublicResults#NoMAD_Nanosecond_Anomaly_detecti

Gupta
Pheno Symposium 2025 in Pittsburgh

https://indico.global/event/812/contributions/126571

Hong

Pittsburgh

Being commissioned at ATLAS
e Train VAE for 3 muons
e Executes in 1 clock tick (25 ns)

Method

e Chop-off the decoder
e Regress the latent space variables

Physics result
e Unigque B physics signal at L1

1.2

IIIiIIIiIIIIIIIIIIII]IIII[IIII
-------- Enhanced Bias
g 6P -}eel\llmmary Data 2024 (no cut)
—— Enhanced Bias
Data 2024 (AD > 0.0302)
-------- MC B, » Jiy + ¢ - 2u + 2K
(no cut)
—— MC Bs — Jiy + ¢ - 21 + 2K
(AD > 0.0302)

Preselection: L1_2MU3
Signal retained: 9%
Background retained: 6%

ﬁb
1} l‘_
S B

Eléllllllllll[lllll!llll[

1 2 3 4 5 6 7 8 9 10
L1 Dimuon Mass [GeV]
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Now the diagonal - 2

Training

done offline on CPU

Deployment

for online on FPGA

Neural network-
based training

Neural network-
based design

Hong
Pittsburgh

Decision tree-
based training

Decision tree-
based design




Data compression using VAE Hong

Use toy calorimeter dataset
?\’0\?\ 3d detector 2d projection AE input AE output
>
_— I W T
| ‘ | IR
[IELEE
n | : W]
2
= 112 x12 4 x4 g ;
B £ 3
u S
from ¢
[y
.0
. . . . (72]
« Paganini, de Oliveira & Nachman 8
PRD 97 (2018) 1, 014021 6x12 | & 2x4
http://doi.org/10.1103/PhysRevD.97.014021 3
>N 7} \X48
. Encoder . < Decoder "
S EayerweightS MBES(A., A:, o) = (0.5,2.0,1.5) _ _ _ _ _
We convert this left 4
. . s Input x € R*® - dz |
part INnto decision trees e €8
{:{§1\§§§\.' {07 S
\§‘ Variance

(8=0.1)



http://doi.org/10.1103/PhysRevD.97.014021

Tabular
encoder

e Physics is preserved

Normalized Events

[ Original
=21 VAE
BDT

o
o
N
[

o
o
]
<]

o
o
bt
€]

40 50 60
Total Energy

Normalized Events

[ Original
21 VAE
BDT

=
w
!

050 055 0.60 065 0.70
Energy Fraction (Layer 1)

e Convert VAE into
tabular format

e Tabular? Next slide

Model training using simulated data

X € R512

3-layer
ECAL

Model distillation

Model deployment on hardware

x € R48 Latent space € R*

characterized by 8 parameters

( N

h=—)

AE input Target
variable

bi,i=0.3

A

% € R48

€S Z = U + O*¢

decoder n

AE output

Distilled latent space € R*
characterized by 4 parameters

One regressor per latent dimension

Tabular conversion

Arbitrary
distance

Sensor

AE input Tabular encoder

- Gupta, TMH et al.,
Paper in preparation

NN decoder AE output

Hong

Pittsburgh



Tabular? Hong
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Parallel implementation of decision tree on FPGA

B. Carlson, TMH et al.

J. Instrum. 17 (2022) P09039
http://doi.org/10.1088/1748-0221/17/09/P09039

Data in Data in Xp,

Destination bin Decision path
D not(q;) and not(q;;)
D qi
D10 not(q;) and q; and not(q;;)
Data out Data out il

A


http://doi.org/10.1088/1748-0221/17/09/P09039
http://doi.org/10.1088/1748-0221/17/09/P09039

Tabular design

Parallel implementation

Data One Hot Decision Path
i OHDP,

LuT

OHDP,

Qlow

X0 X0

active input array
— output array

Vv

X4

Ohigh
X0

demux

V4

Xy/-1

Blow

X4

Vv

Bhigh

X4

v

forv=0 .. V-1 input variables

Yiow

XV-1

V4

indirectly

Yhigh

Xv-1

\/

and

Deep Decision Tree Engine,
anomaly detector version
DDTE-ad,

Distance
Processor

Sum

A=3, A

DDTE-ad,

fork =0 .. K-1trees

Distance
Fn., 4,

DDTE-ady 4

\ Bin |
i ir_rqelx_: estimate

Using Xilinx Ultrascale+ VU9P (vcu118)
at 200 MHz

Feature Value

Latency

2 clock ticks (50 ns)

Interval

1 clock tick (25 ns)

Flip-flops (FF)

10399 (0.44%)

Look-up tables (LUT)

13274 (1.1%)

Digital signal process

ors (DSPs) | O

Block-RAM (BRAM)

9 (0.36%)

Ultra-RAM (URAM)

0

Serhiayenka, TMH et al.
NIM A 1072 (2025) 170209

http://doi.org/10.1016/j.nima.2025.170209

Hong

Pittsburgh
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Fun slide - question Hong  (eg

Pittsburgh
Can you guess what these are? Hint: Belgian traffic signs

https://btsd.ethz.ch/shareddata

AE —
output

« Timofte et al.,
IEEE Workshop on Appl. of Comp. Vision, WACV 2009

https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf ‘


https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf
https://btsd.ethz.ch/shareddata

Fun slide - answer Hong

Pittsburgh

Were you right?

bicycle bicycle road ends don’t pass wrong way

iInput

Tabular VAE

« Timofte et al.,
IEEE Workshop on Appl. of Comp. Vision, WACV 2009

https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf ‘

output



https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf
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Python-based code

&) pittHongGroup / fwX - GitLab X =+ v

Availability

C O https://gitlab.com/PittHong 50% T Yy & =

L ]
] ] y GitLab  Pricing  Explore Signin | Get free trial
¢ gitlab.com/PittHongGroup/fwX e
A4 A S T
Project _
I_X fwX X. fWX e Yr Star | 0 :
arallel cuts aper 1 f viage > e tomat
¥ master v fwX History Find file Project information
E Plan >
<> AA ‘dev-rajat’ into ' ' (eee
. /> Code > Ples Mergg branch 'dev-rajat' into 'master’ 58c21dco | 3 o 29 Commits
| <>” Tae Min Hong authored 1 day ago
S a re d b e a I | re u e St @ Deploy > Zy > prenenes
I I I @ Operate > ) & 1Tag
Name Last commit Last update
G Monitor > & 1Release
Eadoc first commit 3 years ago
J Analyze >
[¥) README
3 examples removed small error 1day ago
[ CHANGELOG
B3 fwXmachina udpate 1week ago
Created
Eaimages update stuff 3 years ago reatedon
May 11, 2021
a u O e n C O e r p a p e r < .gitignore first commit 3 years ago
[ CHANGELOG update stuff 3 years ago

hardware tree paper 4 ant e

1+ README.md Update README.md 3 years ago

2 fwX.py udpate 1 week ago
2 setup.py debug setup 5 months ago
[® README.md

Machina
ﬁ

« Doxygen is available at https://fwx.pitt.edu/

W
Machina ! Ultrafast
Optimization

. A N [ VTN
Input TMVA [ Roc, User™, Custom
data ' Latency, S || XinxHLS )

2 || soktieam (\ ) |[v} /| Nadosute|  \Fimwaro)

_ { ~— . < ~—

#Dependencies

Navigate to https://www.xilinx.com/support/download.html

Click the icon of the person in the top right and create an account
Navigate back to the URL above

Select the desired version on the left. Make sure to select a version

»wnNpR

that supports your FPGA part number (most versions support all
devices)
. Scroll down a little and click on the name of the installation method.

o

For example, Windows users will click the *.exe one

. Once that is downloaded, open up the install wizard and progress
through the installation. Make sure to select "Vivado" and "Vivado
Design Edition"

. Once it is done installing, open Vivado HLS to verify it is working

o

~



http://gitlab.com/PittHongGroup/fwX

Git structure

Same structure for all methods
e gitlab.com/PittHongGroup/fwX

parallel cuts (paper 1) - tutorial today

e Available by request
parallel paths (paper 2)
autoencoder  (paper 3)

hardware tree  (paper 4)

O ® &) fwxmachina - master - PittHong' X +

< > C O B nttps://gitlab.com/PittHonc

v Why GitLab  Pricing  Explore
(1M} Q Search or go to... PittHongGroup / X fwX
Project
. ¥ master v fwX / fwXmachina
I X fwX
88 Manage ;gg,: fix deprecated method np.product and np.NINF (gone ywith 2.0)
& Plan > \'%?'f Joerg Stelzer authored 4 hours ago
</> Code
Nam Last com
® Deploy
@ Operate
Gz Monitor > 3 Xconfig fix deprecated method np.product and np.N
i Analyze % B3 Xfirmware update stuff

B style update stuff

config file

bitstream

testbench

Hong @
Pittsburgh

e Xconfig
creates model configuration

tutorial - part 1

¢ \/lvado
synthesize & testbench

tutorial - part 3



http://gitlab.com/PittHongGroup/fwX

http://d-scholarship.pitt.edu/45784/

Autoencoder Firmware Testbench Tutorial

Please download Vivado 2019.2 at the following link, if you do not currently have it:
https://www.xilinx.com/support/download/index.html/content/xilinx/en/downloadNav/vivado-design-

tools/archive.html

Before Beginning

Before beginning, please make sure that you have (and know the location of) the autoencoder IP
folder, and the VHDL testbench files:

nName vate moariea Iype Size
autoencoder8var_ip 7 File folder
tb_vhd_files 2/8 File folder

Creating New Project in Vivado

Open Vivado 2019.2 and select “create new Project.” On the following pop-up, select “next,” and
you will be prompted to name the project. Name the project as you wish and choose a location to store
it. Keep clicking next until you reach a page that prompts you to select the part/ board. For this tutorial,
we will be using the Virtex UltraScale+ VCU118 board. After you have selected your part or board,
keeping clicking “next” until you have reached the end of the setup page.

4 New Project x
Default Part
Choose a default Xilinx part or board for your project, s
Parts Boards
Reset Al Flters Update Board Repositories
Vendor: Al v Name: = All v Board Rev:  Latest v
Search: | O-veul18 v | (1 match)
Display Name Preview  Vendor File Version ~ Part
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o fwXmachina example: Anomaly
Information regarding the fwX project will be available on this page. This project is developed by members of the Hong Group in the Department of detection, Mendeley Data, doi: ° Python: Aval!ablfz upon request
Physics and Astronomy and collaborators. 10.17632/y698s5kscs.1 o IP testbench: Xilinx inputs for nanosecond anomaly
X (2023-04-11). This sample is detection with decision trees, http://d-
used in v1 of the paper draft scholarship.pitt.edu/id/eprint/44431 (2023-04-23). This
. WX | e l I Anomaly detection with end-to- [arXiv:2304.03836v1] testbench is used in v1 of the paper draft
[ n What is fwX 3 | end decision tree-based o fwXmachina example: Anomaly [arXiv:2304.03836v1]
] autoencoder in HLS detection for two photons and o IP testbench: Xilinx inputs for nanosecond anomaly
« Its full name is "firmware ex machina," a play of the phrase in Latin / Greek deus ex machina / 8¢ £k pnaviic. Since it's a mouthful to say, we two jets, Mendeley Data, doi: detection with decision trees for two photons and two
refer to it as fwX. 10.17632/44t976dyrj.1 jets, http://d-scholarship.pitt.edu/id/eprint/45784
« Itis a software package to design nanosecond implementation of machine learning / artificial intelligence algorithms on FPGA for use in high (2024-02-05). This sarnple s (2024-02-01). This testbench is used in the final version
. used in the final version of the of the paper.
energy physics.
paper.
4 | Application in ATLAS Upgrade o- o-

Some figures
Talks / Posters

« Nature Communications paper

# | Date Type: Title Venue / Link Speaker
. O e # | Figure Caption
| I I l 1| 2021-05-24 Talk: Comparisons to hls4ml's boosted decision tree | Phenomenology Symposium, Pheno 2021, T.M. Hong

lllustrative example of %coder as two visual representations of results indico
the same decision tree. Deep decision tree (left) rendered as
e s dat " Dot T G OTE) = e araotDocon P (705" the decision tree grid (center) and implemented by the parallel 2 | 2021-06-06 Poster: Nanosecond machine learning with BDT for | Virtual HEP conference on Run4@LHC, B.T. Carlson
. " decision paths (right). Two-depth deep decision tree (DDT) is high energy physics Offshell 2021, indico
127 the encoder (step 1) shown as a conventional binary split
| | I S O a e r S J— ® (2] diagram; th_e latent spacev is the bin r_wgmber (step 2); the latent 3 2021-07-13 Tfalk: Nanosecond machine learning with BDT for Diwsifnn of Particles and Fields (DPF) in the B.T Carlson
S1 iyt space data is decoded using the decision tree grid (DTG) (step high energy physics American Physical Society (APS), indico
& iS4 3); and the simultaneous encoding and decoding with xcoder
" - inar: Invisi I
=l ¥ — (star-coder) architecture (right) represented by parallel decision 4 | 2021-09-28 Seminar: Invisible Higgs decays & trigger challenges University of Geneva, Switzerland .M. Hong
Y =@ Phr 5208 paths (PDP) of Ref. [79]. The DTG is the visualization as a grid of atthe LHC

. - % o R e partitions in V-dimensional space. In this example, the input x =
I I I S O a S (55, 70) yields the output “x = (27, 25) without needing to 18th Int'l Conf. on Accelerator and Large
5 | 2021-10-18 | Talk: Presentation of fwX BDT S.T. Roche

explicitly produce the latent layer. Experimental Physics Control Systems,
ICALEPCS 2021, indico

Demonstration of decision tree-based autoencoder and a

demonstration of data transmission / anomaly detection using Seminar: Machine learning in real-time triggers at Department of Physics, University of
. the MNIST dataset, which is a set of images of handwritten 6 | 2021-10-22 | the LHC: A discussion on Machine learning, Boosted P y ’ T.M. Hong
. i . Tennessee, Knoxville

numbers converted to 28 x 28 pixels, or 784-length input vector decision trees, Real-time trigger, and ML on FPGA
V=784, with N = 8 bits per pixel. The ML training is done on 15k

e = OwsutrrO images of handwritten 0 to 4, but not 5 to 9, on one tree T=1 IEEE Nuclear Science Symposium and

"";m .l at a maximum depth of D = 20. The output is a 784-length 7 | 2021-10-20 | Poster: Presentation of fwX BDT Medical Imaging Conference, 2021 IEEE NSS S.T.Racz
S2 4 \ - # J ‘1 vector with 8 bits per pixel. The data compression- MIC, link

A decompression factor, the ratio of input-output bits to the

.
w  Known v e crantouput  Fob ‘ i . P = . . p . ; g .
| I I I ks tO te St b e r ] ( : ' ] e S e Known gt e p——— " latent space dimensions, V- N/(T - D) = 784 - 8/(1 - 20), is about 8 | 20211208 Talk: Comparisons of fwX's BDT to hls4ml's neural PIKIMO 11, indico M. Hong
300. The figure shows two input-output pairs as examples. The network results

output of 4 resembles 4 while the output of 6 is garbled. The

former yields a smaller input-output distance relative to the 9 | 2023-05-12 Talk: Decision trge autoencoder anomaly detection | Phenomenology Symposium, Pheno 2023, ST. Roche
latter case. The input data shown here are not part of the on FPGA at L1 triggers indico
training sample. K i

10 | 2023-09-25 Talk: fwXmachina part 1: Classification with boosted | Fast Machine Learning for Science Workshop .M. Hong

decision trees on FPGA for L1 trigger 2023, indico
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