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The Problem

 Nowadays ML algorithms are getting bigger and
biggerinsize toreach higher and higher
performance

Go gleNet Latency: ~ms

* Inmanyapplication low latency and minimal
resources-utilization/energy consumption are
although the main limitation
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The solution

Compression and simplification!

We present the combined result of 3 general use
and effective compression techniques:

* Input Fragmentation ’<\

* Knowledge Distillation &?

* Quantization
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DataSample/structure

« 700ki
Realistic toy simulation of a HEP muon detector (RPC) of the 00k images

ATLAS experiment
Target:  (pr,n)

* Trackbended due to magnetic field
3<pr<20aGeV

* Electronic + experimental noise added
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Constraints

Three main aspects guided the choices taken for this project:
. fit withinthe FPGA resources
* Latency:runinless than ~400 ns.

 Fake Rate: less than ~2%e..



Teacher architecture

Conv2D
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Activation

MaxPooling2D

Flatten
Dense

To keep it simple, we studied a simple Convolutional Neural Network (CNN)

architecture (VGG-Llike)

x3

X2

Offshell-2021

08/07/21



Input fragmentation b
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 Slide a 9x32 sector with variable stride

« Selectthe 9x32 sector with the largest number of hits

« AvaragePool (1,2) to halve the number of pixels

==

Stride (16)

10 12 14 16

o
N
SE
(o))
[e0]

08/07/21 Offshell-2021 7



Input fragmentation
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« 50% of the particle trackis contained in more than
90% of the fragments regardless of the stride
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Quantization

 Eachweight of the network can be described with
diminished precision
c
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Weight value Activation &
Quantization-Aware Training
We quantized uniformly every part of the network but

the last layer BEFORE training
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Knowledge Distillation

Pre-trained teacher Conv2D
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Knowledge Distillation
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Knowledge Distillation
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Pre-trained teacher

Student

Prediction
Soft label
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i = Relu

® - MaxPooling2D

' = Flatten

@ -Dense

——————————————— | Truth label |
v

Total loss }< --‘ Standard loss ’
x

L

2 3
lly — ysl| +Z_ YiH;
) 1=1

ly = vl|°

H; = ||Ai _TiH||2

if Iy = yel|* < |ly = %l|*

otherwise

Offshell-2021

12




Knowledge Distillation
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Pre-trained teacher

Student
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Soft label
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Knowledge Distillation

713 kparam

Fragmentation

®

Distillation
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simplification

N

1.3 13

~100 times less parameters

Modest but evident improvement for 32 bits fp weights
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Lower fake rate
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Higher plateau efficiency
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Performance -1

Efficiency curves _ _ _
 Evengreaterimprovements from QAT and KD combination
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Performance - 2

Physical quantities

Evident benefits from KD in all the physical metrics
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08/07/21

Offshell-2021

o around threshold

5.0

4.5}

4.0F

2.5¢

2.0f

1.5

B Student w/ teacher
Student w/o teacher

® Teacher
u [ ]
| [}
L4 ° ° Py
4 8 16 32
# of bits

7.5 <pr<12.5 GeV

16




Performance - 2

Physical quantities

0.012 T T 1.10 T T 5.0 T T
B Student w/ teacher B Student w/ teacher B Student w/ teacher
Student w/o teacher Student w/o teacher Student w/o teacher
0.010l ® Teacher | 1.05} ® Teacher ] 4.5F ® Teacher
0.008 1.00¢ 401
' > ° ° ° ° ° %
5 - - D G
% G 0.95 = 0 3.5
 0.006 = £
Q it ©
Y ] c
2 ©0.90F = 5 3.0r =
2 o
L ©
0.004 a g - .
0.85f : 2.5t " -
0.002 _ . ¢ o o o
0.80¢ ] 2.0}
u | |
0.000} @ s O ° ° -
4 8 16 32 0.75 3 4 8 16 32 1.5 3 4 8 16 32
# of bits # of bits # of bits

* Possible explanation: network with higher precision are more likely to
reconstruct partial patterns
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Performance - 3

Quantized Teacher vs non-quantized Teacher
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* Aquantized Teacher seems to lead to worse results
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Implementation

python

Model architecture
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hls 4 ml

C++ configuration

Offshell-2021

Vivado™ HLS

.

VHDL firmware
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Model (0 x 16) | BRAM DSPs FF  LUT %:tgg « Latency reqqlreme_nt met for StuQent models with
yee less than 4 bits/weight (clock period: 2 ns)
Teacher 1123 3.7k 24 M 2656k 640
Student 32 bit 171 3.8 k 247 k 31 k 222
QStudent 4 bit 11 6 143k 295k 183
QStudent 3 bit 11 0 116k 233k 182
Model (9 x 16) | BRAM DSPs FF LUT
_ o _ Teacher (%) 20 258 69 15
* Occupationalmost negligibleinrespecttototal =—* Student 32 bit (%) 3 31 7 1
FPGA resources! (ViftexUliFasealex13p) QStudent £i6 () |~ ~0 ~D 1
QStudent 3 bit (%) ~0 ~0 ~0 1
Model (9 x 16) | BRAM DSPs FF LUT I(Jc‘yt‘cll‘lg
. o L] -
Student39 bit | 66 Sm O GE 56 <=+ Compression factorsrelative to Teacher model
QStudent 4 bit 102 5.28 k 168 9 3.5
QStudent 3 bit 102 nd 218 11.4 3.5
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Conclusions

* We showed an effective and tunable approach to reach impressive
memory/latency constraint
* ~100 times less weights
* Latency <390 ns
* Fake rate lower than 2%.

 We observed a noticeable improvement from the combination of
Fragmentation, QAT, and KD
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