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The ULHC Blig Data Problem

1 KHz

1MB/evt :
—

® The LHC delivers ~40M events/sec. This gives us little time
(<10 usec) to reconstruct and filter these events

'IDO HKHZz

@ Coarse reconstruction, with worse resolution than offline

@ Simple algorithms, e.qg., sums and products (at some point,
deploying 1nvariant mass trigger was a big deal)

® Extended use of Look Up Tables to parameterise comp7ex
functions (with Ilimitation 1n terms of d7men57ona77ty)
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Ul Enter Machine Learning

.
—

Which Particle?
Which Energy?
Which Direction?

® We know how to get from the data the answers we want
® physics + 1ntuition + computing

® But the process 1s slow

@ We can use DL solutions as a shortcut: we teach neural networks
how to give us the answer we want directly from the raw data

® Problem: how do we put a NN on an FPGA?
- { oy

........
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HL S4MIL: the \des

® HLS4ML aims to be this automatic tool

® reads as 1nput models trained on standard DeeplLearning libraries
@ comes with 1implementation of common ingredients (layers, activation functions, etc)
® Uses HLS softwares to provide a firmware implementation of a given network

@ Could also be used to create co-processing kernels for HLT environments
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HLS4MuL: the implementation

@ Dataflow architecture: each layer 1s an 1ndependent compute unit

@ With tunable parallelism and quantization

@ Fully on-chip: NN must fit within available FPGA resources (pyng-zZ2 floorplan shown)

® Example: small CNN trained on MNIST
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Example: fast inference

® You have a jet at LHC: spray of
hadrons coming from a “shower”
Tnitiated by a fundamental
particle of some kind (quark,
gluon, W/Z/H bosons, top quark)

® You have a set of jet features
whose distribution depends on the
nature of the 1nitial particle

@ You can train a network to start
from the values of these
quantities and guess the nature
of your jet

@ 1o do this you need a sample for
which you know the answer
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Example: |et taqqunc

@ Simple DNN based on high-level features (jet masses,
multiplicities, enerqgy correlation functions)
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Example: et taqgalnc

@ Simple DNN based on
high-level features
(jet masses,
multiplicities, energy
correlation functions)

16 inputs

64 nodes
activation: ReLLU

A& nodes
activation: ReLLU

A& nodes
activation: ReLLU

5 outputs
activation: SoftMax

1-specificity = false positive rate

bkg. mistag rate

100 -
] —— j_gtagger, auc = 91.6%
—— j_q tagger, auc = 88.8% 1/
—— j_w tagger, auc = 92.1% /
— j z tagger, auc = 91.4% '
—— j_ttagger, auc = 93.7%
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Can we fit in the latency requirements?

How many resources? DSPs, LUTs, FFs?
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Ol Making the MM smaller: pruning

@ Pruning: remove
parameters that don’t
really contribute to
performances

@ force parameters
to be as small as
possible
(regularization)

Ly(w) = L(w) + Al|wh |

@ Remove the small
parameters

® Retrain
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Making the MM smaller: prunNnNg

@ Prun 'ing . remove before pruning after pruning
parameters that don’t
really contribute to
performances

pruning
synapses

- - >

@ force parameters
to be as small as
possible
(regularization)

pruning g
neurons

Ly(w) = L(w) + Al|wh |

— 70% reduction of weights
and multiplications w/o

performance loss
® Retrain erc o
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@ Remove the small
parameters




Compression

Xilinx Vivado 2017.2
Clock frequency: 200 MHz

FPGA: Xilinx Kintex Ultrascale

Jagq hls4ml Reuse factor = 1, Kintex Ultrascale hisdml Reuse factor = 1, Kintex Ultrascale
304 —=— Full model >4 1 —®— Full model
—=— Pruned model —#— Pruned model
22 -
2.5 1
20 -
2.0 A
>
a ———a—8—= e 18 -
N g
0 1.5 ©
16 -
1.0 -
14 -
0.5 A — 85— 5 55 12 -
0.0 - T T I T 10 T T T T T
<8,6> <16,6> <24,6> <32,6> <40,6> <8,6> <16,6> <24,6> <32,6> <40,6>

Fixed-point precision Fixed-point precision

* Big reduction in DSP usage with pruned model!

* ~15 clocks @ 200 MHz = 75 ns inference erc reserc
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Ouantisation

@ Quantisation: reduce the = oot softman
number of bits used to o weights = fcl_rel
represent numbers (1.e., 0101 1011101010
reduce used memory) F e e

width

ap fixed<l4,6 4>

@ models are usually trained
at 64 or 32 bits

@ this 1s not necessarily —_
needed 1n real 1life i
O ' Reaches 32-bit floating
® In our case, we could reduce = | point performance with
: : 16-bit fi int!
to 16 bits w/o loosing it ity [ T
precision gexao T~ Pruned
g —a— J:_g tagger
] —#— | _q tagger
® Beyond that, one would have to e tanger
—=— | ttagger .;:::.::. European
accept Some perfo rmance 7055 4x 107 <8:6> <1?;,6> <18|,6> <23|,6> <28|,6> <33|,6> <38|,6> <43|,6> -::.-:.érc 22?,:2:“
Fixed-point precision °%e
15 < total bit:, inli‘eger bits > 3




Parallelisation

ReusefFactor: how much to parallelize

bbb ,- reuse =4
mult use 1 multiplier 4 times

reuse = 2
use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

related to the Initiation Interval = when new inputs are introduced to the algo.

> s ...:..° European
AL Research
' -’_::'.'.erc Council
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Parallelisation

15 clocks [75 ns]

B4 x 3D |f—
32 x 32 S

softmax (5)

reuse = 1
<16, 6> bits SRAM

Total

% Usage
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Parallelisation

hisdml preliminary 3-layer pruned, Kintex Ultrascale 13 hlsdml preliminary 3-layer pruned, Kintex Ultrascale
60
—#— Reuse Factor =1 6 1 —®— Reuse Factor =1
- Reuse Factor = 2 L —m— Reuse Factor = 2 L _M_a)i ES_P ______ e
50 4 —®&— Reuse Factor = 3 —#— Reuse Factor = 3
—m— Reuse Factor = 4 51 —a— Reuse Factor =4
—#— Reuse Factor =5 —#— Reuse Factor =5
40 - —f— Reuse Factor = 6 —#— Reuse Factor = 6
4 -
%)
- (al
3 30- A 3-
O
-l
20 2
/
2
10 - 1 -
15-40 clock cycles (75-200 ns)
O | | | | | O * | | | |
<8,6> <16,6> <24,6> <32,6> <40,6> <8,6> <16,6> <24,6> <32,6> <40,6>
Fixed-point precision Fixed-point precision

Foreseen architecture (FPGAs) will handle these networks
Inference-optimized GPUs could break the current paradigm

Looking forward to R&D projects with nVidia & E4 on this fgggt:xxg
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Ol Quantization-aware Training

® Post-training quantisation N e N
can affect accuracy S| T QerssreA —
S 1.02 E— 40 -
® for a given bit g 100 7| e .
. M / g 30 -
allocation, the loss 3 0.98 / * 3 +
minimum at floating-point £ 5 T Sa-
precision might not be the 3 i ¢
.. 2 10 |
minimum anymore > i ::Z/Z\ .
'_.% 0.92 I o
- 0.90 | 0" +8xe
O One could s pec 1] 'lcy | 5 . }l(;th 15 B BPBHQO 46 é.t 1.Ié)th1|2 14 16 B BPBHQO
quantisation while look for
th e m -i n -im um Model Accuracy [%] Latency [ns] Latency [clock cycles]  DSP [%] LUT [%] FF [%]
Baseline 74.4 45 9 56.0 (1826) 5.2 (48321) 0.8 (20132)
Baseline pruned 74.8 70 14 7.7 (526)  1.5(17577) 0.4 (10548)
. . Baseline heterogeneous 73.2 70 14 1.3 (88) 1.3 (15802) 0.3 (8108)
@ Maximize accura cy for OKeras 6-bit 74.8 55 1 1.8 (124)  3.4(39782) 0.3 (8128)
QKeras Optimized 72.3 55 1 1.0 (66)  0.8(9149) 0.1 (1781)

minimal FPGA resources

® We teamed up with Google to .
exploit this strategy 1n a R | amee
QKeras+hls4ml bundle https://arxiv.org/abs/2006.10159 erc s
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Extreme Quantization

Binary tanh Ternary tanh

10] 10/ A B | AXB A B| A®B
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8 N N N I ol 1 1 1

-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
X X

1 1 120 100
@ One Can pUSh quan t -l Sa t -l On hls 4 ml —e— BNN (Logic Synthesis) hls 4 ml —e— BNN (Logic Synthesis)
100+ --o-- BNN (HLS Compiler) 80 - --o- BNN (HLS Compiler)
tO eXtI"emeS Q —e— Baseline (Logic Synthesis) —e— Baseline (Logic Synthesis)
) 80 1 kY --o-- Baseline (HLS Compiler) — 60 --o-- Baseline (HLS Compiler)
S ' 5 -
2 60 ©
. I N 40
@ binary & ternary networks 5 40
20
20
0 0 @ ° ® *—e - o

@Multiplications can be T g R O
replaced by bit

" » " 204 hls 4 ml —e— BNN (Logic Synthesis) his(@lml —e— BNN (Logic Synthesis)
manipulations, saving . Raseine toneSmnes | 150 « - oS Capen
r‘es Ou Iﬂces . 151 \\\\ -~ Baseline (HLS Compiler) . ®\\ ~o- Baseline (HLS Compiler)

E 10 ‘\&\ 5 100

® Can achieve low latencies SRS SN
at small accuracy cost and ol - o 0 T

Max latency [us] Max latency [us]

minimal resource R | European

consumption https://arxiv.org/abs/2003.06308 er G| come
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Fast CMhiMn inference on FPGAs

Input:
32x32x3

1600F

[

[ |
-
1400- Bl Conv?2
-

[

.

1200}

—
o
o
o

Number of Weights

200}

Block 1:
Conv 0 (f=16, k=3)
Max Pooling (2,2)
Batch Norm.
RelLU

Block 2:

Conv 1 (f=16, k=3)
Max Pooling (2,2)
Batch Norm.

Block 3:

Conv 2 (f=24, k=3)
Max Pooling (2,2)
Batch Norm.

RelLU

800}

600}

. BF model
400}

Conv 0
Conv 1

Dense 0
Dense 1
Output dense

Flatten (96)

Block 4: Block 5:

Output:

Dense 0 (n=42) Dense 1 (n=64) Dense output (n=10)

Batch Norm. Softmax

RelLU

Batch Norm.
RelLU

7000
6000

5000}

Number of Weights

1.0 PRUNIN)GS -1.0 -0.5 OO 0.5 1.0 1.5

| .
Bl ConvO
Il Conv 1
B Conv?2
[
[
—

Dense 0
Dense 1
Output dense

BP model

Layer name Layer type Inputshape Weights MFLOPs Energy [nJ] Bit size
Conv O Conv2D (32, 32, 3) 432 0.778 1,795 3,456
Conv 1 Conv2D  (15,15,16) 2,304 0.779 1,802 18,432
Conv 2 Conv2D (6, 6, 16) 3,456 0.110 262 27,648
Dense 0 Dense (96) 4,032 0.008 26 32,256
Dense 1 Dense (42) 2,688 0.005 17 21,504
Output Dense (64) 65 0.001 4 5,200
Model total 12,858 1.71 3,918 170,816
Conv 1
0.950 A ® @
o ©
0.925 1 o © his 4 ml
,, 0:900- ® o
©
g 0.875 A
©
S 0.850 A
© o 4 filters
< 0.825 - B binary o 6 filters
> - ternary O 8 filters
0.800 - @ 2 O 10 filters
QUANTIZATION 4 O 12 filters
0.775 - §) O 14 filters
O B S (O 16 filters
0.750 - ol : : : ] ]
40000 60000 80000 100000 120000 140000
total bits
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Fast Cﬂﬂ INference on FPGQS

1064
_+BF hIs4mI _+BF hIs4mI
- BP - —— BP le o
= Q _ - -m- Q .
QP ] 1056_ QP _ 5 28
1.0 € AQ _ %\ . & AQ
AQP < - ¢ AQP
¢ .Cl i %1048— -
%) y '
S / ,/ $ ¢ 3
3 - S | :
1040} - -{5.20
< 0.8 - > _ *
C B —
_ 2 \d a4 —auaNau a1
iIU - v .
10321 /‘ . _
0.6 _ : _
Keras 1024 3 15 1o
hls4ml - | | | | | | R
I I I I I I I I
> 4 6 8 10 12 14 16 AQ AQP 2 4 6 BE'Bt ';Itoh 12 14 16 AQ AQP
Bit width It Wi

Execution time reduced to 5 psec to basically no ... ...
accuracy loss down to 6 bits '




Graphllets on FPGQS

@Slightly simplified version of (a)
GarNet

@ Double message passing
(vertices <-> aggregators) can
be condensed 1n FPGA-friendly
math (¢)

Fin

S
:ZWav Z "I_bk a _I_Ckv

L
. ~ . . 1
~k k 1 k __ k 11 7
Wiy = E Ui Wiy b, = E u;,b, Gl 7
maxv

1=1 1=1

Wavgg, and L, =

g
@M<
=

Vmax

IR : : : (e) O
@ Non-Tinearity 1n distance https://arxiv.org/abs/2008.03601
weighting . {O O ok
- 2 lo<—=_¢ A e
Waw = exp(—dg,) O TG couna
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https://arxiv.org/abs/2008.03601

Graphllets on FPGAs

Classification Regression
N sd e
1.50 A ‘[
l 15 1.0 095 1.25 1
10 08 > 1.00 T
g '8 :g 0.90 7 (46 0-757
g 0.6 é E ool @ 0.50 -
- = 0.94 g 0.25 - Electrons
0.4§ go.ss- D03 - o el \
S o) ]
0.0 %0'80' 0.90 1.25 - L
o 090 092 094 096 100 'I_ [T [I IT IIT lI li% %;T -
—— Keras continuous s I - H
> 40 10 . Clustered 0757 __. HLS continuous O3 [ gg? HB L T H T 1 % ?%?
(CIT)) 50 15 O Unclustered —— Keras quar-ltized 0.50 A 11 ‘1 |
2T G hlsaml 0.25 - Pions
0'7%.70 O.I75 O.;BO O.;35 O.I90 O.I95 1.00 10 2IO 3|O 4IO 5IO 6I0 7IO 8I0 9IO 100
Pion rejection efficiency Primary particle energy (GeV)
Latency Interval 2 2 3 - ROC Response
Model  Viax  Rrewse | (yelos) (eycles) PSP (10%)  LUT (10%)  FF (10%)  BRAM (Mb) | yyv pyig
Continuous 128 32 155 55 3.1 [56% 57 9% 39 [2.9%) 1.8 [2.3%] 0.98 0.23
Quantized 128 32 148 50 1.6 [29%] 70 11%] 41 [3.1%] 1.9 [2.4%] | 0.98 0.24
Quantized 64 16 99 34 1.6 29%] 63 [9%] 38 [2.9%] 1.8 [2.3%] | 0.96 0.24
Quantized 32 8 75 26 1.4 [25%] 52 [8%] 33 [2.5%] 1.8 [2.3%] | 0.86 0.37
Quantized 16 1 63 22 1.5 [27%] 57 [9%] 37 [2.8%] 1.8[2.3%] | 0.64 0.36
o ;:- European
LA Research
‘:..'.....e...rc Council
=22 https://arxiv.org/abs/2008.03601 :%:



https://arxiv.org/abs/2008.03601

Rnomaly Detection on FPGA

encoder decoder

® Autoencoders are compression-decompression

algorithms that learn to describe a given

dataset 1n terms of points 1n a lower-dimension

latent space H : : : g
® Can be used for anomaly detection: compression

less effective when anomalous events are given

Pa(z}x) > Z Pe(x[2)

1 x

10°F

® In principle, same compression techniques apply

—_
b
nN
—
<
N

® In practice, special considerations apply

True Positive Rate
)
w

True Positive Rate
P
w

® Figure of merit for anomaly detection might R owmowan o Tl owmoomon
be different than loss -> QAT might run 1n LS S s vionthl IS BN At bont
[ ! — IO AE (AUC = 96%) | [ ! —— 10 AE (AUC = 96%)
tr OUb 7 e 10305705 J07 107 102 o 10° 1010F T0° 107 T0° 102 1o 10°
False Positive Rate False Positive Rate

1005— 1005—
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Rnomaly Detection on FPGA

A L RAW INPUT

3 Model DSP [%]|LUT [%]|FF [%] | BRAM [%]|Latency [ns]|II [ns]
DNN AE QAT 8 bits 2 5 1 0.5 130 5
v v CNN AE QAT 4 bits 3 a7 5 6 1480 395
DNN VAE PTQ 8 bits 1 3 0.5 0.3 80 5
ﬁ B e CNN VAE PTQ 8 bits 10 12 4 2 365 115
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HKNnowledge Distullation

® Sometimes the model 1s too big to be deployed

@Sti1ll, a network 1s a function that can be approximated by .. a neural network
(the student model)

® Every problem 1s turned 1nto a regression
® Easier to compress than unsupervised models

@® Does not require resource-consuming output activation for classifications

Student Model

Knowledge Transfer
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&y Knowledge Dlstlllatlon

® Sometimes the model 1s too

A\e/P 0000000 R:Eae USSamphng 3,0 UpS g (3,1)
ttttttttttt Reshape (2,1,32) ZeroPad (0,0),(1,1) ZeroP 1,0),00,0)
Block @: .
b1ig to be deployed .. .
BBBBBBBBB /\\\
Bﬂ\b“\ | \\ i1 Evaluate on pre-trained
== el Teacher
St 11 T k 1
@St1/l, a network 1s a

function that can be —

approximated by .. a neural i
network (the student model) X Ret00 () i o reprocuce

(
(
out = Dense(1) (x)
model = Model(inputs=model_input, outputs=out)

Loss

® Every problem 1s turned _
1nto a regression 107
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® Eas1er to compress than
unsupervised models
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® Does not require _
resource-consuming output 10- -
activation for ;
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his4ml: An Open-Source Codesign Workflow to Empower
Scientific Low-Power Machine Learning Devices
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