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Science use-cases for real-time

 (Collider on-detector readout and

“trigger” at 40 MHz
e Accelerator control

* Neutrino physics

/
A S/CS

* Multi-messenger astronomy

* Electron & X-ray
microscopy
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LIGO - A GIGANTIC INTERFEROMETER

MIRROR

GRAVITATIONAL WAVE

BLACK HOLE

SPACETIME

The light SIREGR
waves bounce
and return:

A “beam splitter” splits the
light and sends out two
identical beams along the

4 km long arms.

Laser light is sent into
the instrument to
measure changes in
the length of the two
arms.

If the arms are disturbed by a
gravitational wave, the light waves
will have travelled different distan-
ces. Light then escapes through the
splitter and hits the detector.

: A gravitational wave affects the
4 interferometer’s arms differently;
when one extends the other contracts
as they are passed by the peaks and
troughs of the gravitational waves.

Normally, the light returns unchang-

5 ed to the beam splitter from both
arms and the light waves cancel
each other out.
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Scientific ML challenges
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https://arxiv.org/abs/1804.06913

What is pruning?

Make neural network smaller by removing synapses and neurons
before pruning after pruning

O O O O C Q O O QO C
() @
pruning _____ <\
synapses ’ »A
@ D O

pruning R ‘ ‘
Neurons
Optimal Brain Damage [LeCun et al., NeurlPS 1989]

Learning Both Weights and Connections for Efficient Neural Network [Han et al., NeurlPS 2015]
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Pruning research
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Learning both Weights and Connections for Efficient
Neural Networks

Y T Song Han Jeff Pool
0p tzmal Brazn Damag € Stanford University NVIDIA
songhan@stanford.edu Jjpool@nvidia.com
John Tran William J. Dally
NVIDIA Stanford University
Yann Le Cun, John S. .Denker and Sara A. Solla Sohntran@nvidia.com NVIDIA
AT&T Bell Laboratories, Holmdel, N. J. 07733 dally@stanford.edu

Souce: Dimension.ai
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Pruning formalism

* |n general, we could formulate the pruning as

follows: N N
arg min L(x; Wp) | |
Wp
subject to
[Wpllo <N

« [ represents the objective function for neural
network training;

e X is input, W is original weights, W is pruned | |
weights; arg min L(x; W) arg min L(x; W)
W W,
» [|W,[[ calculates the #nonzeros in Wp, and N is S0 |Wllg <N

the target #nonzeros.



Structured vs. unstructured pruning

e Unstructured pruning: removing some connections regardless of placement
e Can potentially achieve higher performance for smaller size

o Structured pruning: removing all input/output connections of particular nodes
 More regular structure easier to support in hardware architectures
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Benchmark: Jet tagging MLP

Small NN benchmark correctly identifies particle “jets” 70-80% of the time
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Iterative magnitude-based pruning -.is0s91:

» Train with L, regularization (down-weights unimportant synapses)

L,(w) = L(w) + A||w]l, wll; = 2. [w]
e Remove smallest Weights 707 REDUCTION OF
WEIGHTS WITH NO
e |terate LOSS IN PERF.
his4ml 5% 95% . his4dml .. .
E:=m ) = il
Wh
ol ]

11 Absolute Relative Weights


https://arxiv.org/abs/1804.06913

1804.069213
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https://arxiv.org/abs/1804.06913

his4ml

5%

95%

0_

Pruning -

Number of Weights
|l N N
Ul o ul
o o o

-

o

o
1

U
o
1

[ fcl relu
1 fc2 relu
fc3 relu
[ output_softmax

1st iteration

Train
with L1

107’ 10°° 10~ 1074

1073 1072

Absolute Relative Weights

2nd jteration

7t 1teration

107!

Retrain
with L+

——_—

Retrain
with L+

—_—

his4dml 5% 32.7% 95%

[ fcl_relu : : |
1601 [ fc2_relu : :
fc3_relu : :
1409 3 output_softmax | :
| |
| |
v 120 ! |
K I I
) ! '
o ' I
100 A I [

= . ' i
o ' !
5 801 | I

g | .

= 60 ! I
| |
| |
| |
| |
| |
| |
|
I

1077 10-° 107> 1074 103 1072 1071 100
Absolute Relative Weights
his4ml 47.5% 95%
[ fcl relu [ [
1 fc2_relu : :
1201 fc3_relu | :
[ output_softmax : :
100 1 | H
) [ [
< [ [
2 ' '
[ [
g 80 A : :
‘G | | |
— | Ll
& 601 [ [
E | |
2 : |
40 A [ [
[ [
[ I
[ [
20 - | |
= [
-,qjj;u‘—\ I ,_F'JJJ_L‘_:LL’L
0 Ly = '—',"*—I'—'m ——
1077 10-° 107> 1074 1073 1072 1071t 100
Absolute Relative Weights
|
|
|
his4dml
70 A
[ fcl relu
[ fc2_relu
60 - fc3 relu
1 output_softmax
50 A
2
<
2
= 40 -
Y
o
2 301
1S
35
4
20 A
10 -
13 0 T T "Tll_l_'_‘:':l_'_F‘lﬂ'_'__lﬁ'l —— R
1077 10-° 107> 1073 1072 107! 100

1074
Absolute Relative Weights

Prune

Prune

Prune

his4ml 32.7% 95%
1 fcl_relu I '
1601 [ fc2_relu l
fc3_ relu |
140 1 1 output_softmax :
|
|
@ 1201 |
€ |
o I
o |
100 A [
z | ]
o |
g 807 |
| [
: . i
=z 604 :
| 1
| |
40 A [ —'—I !
| |
| |
| |
20 7 | ’_‘_'_,_,_|%_|—‘I7
I =]
|
0 T T LIS DL L IR B "'|I' _"_'I_'ll L L B . I
1077 1076 107> 10~4 10-3 02 107t 100
Absolute Relative Weights
his4ml 47.5% 95%
fcl relu [ [
1 fc2_relu l l
120+ fc3 relu | :
[ output_softmax : :
100 - | H
9 | |
< | I
=) I !
| |
g 80 A : :
‘G | | |
— | Ll
& 60- [ [
E | |
2 : |
40 A [ - [
| |
| |
| |
20 - | |
|
' r,_,_I"J_L‘-'LLIZIZI
| |
0 T T LI B LR | . "'|::"_I"_"'[|_1 L L B L T
10~/ 10-6 107> 10~4 10-3 1072 107t 100
Absolute Relative Weights
|
|
|
his4ml 71.7% 95%
70 i i
7 fcl _relu | l
1 fc2_relu | ﬂlL
60 fc3_relu : |
[ output_softmax : :
| |
50 A [ |
2 I I
< | |
=) I I
2 40 - | rL I
- | i
o | I
- | |
S 301 | |
£ | |
= | |
20 A I | | I
| |
| |
| | ]
10 A : 1
| |
L |
| |
0 L AL R A L L L L R LR B I"'I T L ™1
10~/ 10-6 107> 10~4 10-3 1072 107t 100

Absolute Relative Weights




Pruning APIs

arXiv:1710.018/8

* TensorFlow API: https://www.tensorflow.org/model optimization/gquide/

pruning

e Sparsity schedule for gradual pruning

o Similar API for PyTorch: hitps://pytorch.org/tutorials/intermediate/

Sparsity (%)

pruning tutorial.html
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https://www.tensorflow.org/model_optimization/guide/pruning
https://www.tensorflow.org/model_optimization/guide/pruning
https://www.tensorflow.org/model_optimization/guide/pruning
https://www.tensorflow.org/model_optimization/guide/pruning
https://pytorch.org/tutorials/intermediate/pruning_tutorial.html
https://pytorch.org/tutorials/intermediate/pruning_tutorial.html
https://pytorch.org/tutorials/intermediate/pruning_tutorial.html
https://pytorch.org/tutorials/intermediate/pruning_tutorial.html
https://arxiv.org/abs/1710.01878

Aside: Lottery Ticket Hypothesis

* A randomly-initialized, dense neural network contains a subnetwork that is

Initialized such that—when trained Iin isolation—it can match the test
accuracy of the original network after training for at most the same number of

iterations

Randomly

Initialize ., —  Prune —» O
weights and

train O

90% accuracy 90% accuracy

Use same

weight .,
Initialization
and train

90% accuracy


https://arxiv.org/abs/1803.03635

Numeric data types: integer

* Unsigned Integer
- n-bit Range: [0, 2" —1] 0/0|1][1][0[0|0]H1

X X X X X X X X

27 +26+25+ 244234224+ 214+20 =49

* Signed Integer
e Sign-Magnitude Representation Sign Bit

- n-bit Range: [-2""' -1, 2! — 1] 0l111]lo0lolol+
_ L

 Both 000...00 and 100...00 represent O X X X X X X
- 26425+244+234+224+21420 =-49

 Two’s Complement Representation

« n-bit Range: |-2""1, 27=1 -1

ge: | | .1 0|0 |1 ]1/[1]1
* 000...00 represents O c x x % x x x x
e 100...00 represents —2"! -274+ 264254244234+ 224+21+20 = -49

16



Numeric data types: fixed-point number

Integer Fraction

“Decimal” Point

o]
X X

1

1

0

0

0

1

-234 2249214 920,92-1,92-2,.92-3.2-4 =3 0625

X

X

X

X

X

X

1

1

0

0

0

1

o]o
X X

X

X

X

X

X

X

(-27+4264+25+24+23+224214+20 ) x 2-4= 49 x 0.0625 = 3.0625

(using 2’s complement representation)
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Numeric data types: floating-point number
Example: 32-bit floating-point number in IEEE 754

Sign 8 bit Exponent 23 bit Fraction

(_1)Sign X (1 + FraCti()n) x PExponent-127 <«— Exponent Bias = 127 = 28-1-1

(significant / mantissa)

0.265625 = 1.0625 x 22 = (1 + 0.0625) x 2125-127

_00010000000000000000000

125 0.0625

18



What is quantization?

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

— Continuous Signal Quantized Signal Original Image 16-Color Image

”- Zpr ”-wl

ad

Images are in the public domain.

Wikipedia: Quantization
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Quantization types

* Quantization: using reduced precision for parameters and operations

» Fixed-point precision ap_fixed< >

0101. 1011101010

» Affine integer quantization

-128 Z 17 127

20


https://arxiv.org/pdf/2004.09602.pdf

Affine integer quantization

An affine mapping of integers to real numbers r = S(g — 7)

r min

0

rmax

arXiv:2004.092602

I/. Floating-point range ‘

Floating-point .

L 4
L 4

L 4
L 4

L 4
L 4
L 4
L 4
L 4
L 4
L 4
L 4
L 4
L 4
L 4
L 4

Floating-point Scale

Bit Width| gmi Omax
Integer Amin Z Amax 5 _;n r:a
Zero point BT N S < T
________________ A A - S R A
N -2N-1 2N-1-1

Quantization and Training of Neural Networks for Efficient Integer-Arithmetic-Only Inference [Jacob et al., CVPR 2018]
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https://arxiv.org/pdf/2004.09602.pdf

Post-training quantization vs. quantization-aware training

Usually fast Slow
No re-training of the model Model needs to be trained/finetuned
Plug and play of quantization Plug and play of quantization
schemes schemes (requires re-training)

More control over final accuracy
since g-params are learned during
training.

Less control over final accuracy of
the model

22



Post-training quantization

hisdml

1.1 1.1
1.0 - 1.0 -
0.9 A 0.9 -
= -
: 3
© 0.8 3 0.8
3 g
X d Full
X L -
W 0.7 S 0.7 === Pruned
O
2 Full performance = Full performance
- - - s 0.6 - - . .
0.6 with 6 integer bits —=— g tagger with 8|fractional bits —=— g tagger
—m— ( tagger —m— (g tagger
0.5 - —=— w tagger 0.5 - —=— W tagger
—&— 7 tagger —&— 7z tagger
—u— t tagger —#— t tagger
0.4 1 I 1 T T 1 T 04 | 1 1 1 T T T
<10,2> <15,7> <20,12> <25,17> <30,22> <35,27> <40,32> <8,6> <13,6> <18,6>_ <23,6_> <28_,6_> <33,6> <38,6>
Fixed-point precision Fixed-point precision

* (General strategy: avoid overflows in integer bit then scan the decimal bit until

reaching optimal performance ap_fixed<widih,integers

0101.1011101010
— ————————

integer fractional

_—
width
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Quantization-aware training: how does it work?

 Fake quantization: using 32-bit floating-point math under the hood

o Straight-through estimator: during backpropagation, ignore quantization
operation (treat as identity)

Activation Layer Activation Layer

Forward pass ——

fp32
ap

Wfp32 _ (Swa Wi4)fp32 afp32 _ Wfp32hfp32 ai4 _ Int( S )

Weights FP32 FP32 -> INT4
Multiply Accumulate Requantization

INT4
>
— Q0 —0 (&

Fake Quantization:

[ele]ele)
[e]e]e)e)

INT4

Activations

hfp32 _ (Sha hz’4)fp32

Straight Through Estimator

«— Backward pass

Binary

’

o Straight
*~.Th rough
Estimator
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Area

Quantization-aware training

e Full performance with 6 bits

iInstead of 14 bits

* Much smaller fraction of
resources

 Area & power scale

quadratically with bit width

----- Quadratic fit /,C'/
4000 - ® PE area ’
3000 .
//.
2000 A
//’.,///
1000 .
,,,,,,,,,, arXiv:2004.08906
2 1 6 3 0 12 14 16

Bitwidth

Ratio Model Accuracy / Baseline Accuracy

= (QKeras CPU
= (QKeras FPGA
== == Post-train quant.

1.04 -

1.02 -

1.00 -

0.98 -~ /

0.96 -

0.92 -~

I
|
|
|
I

0.94 - :

I
|
|
|
I

0.90 | |

Bitwidth
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Resource Usage (%)

arXiv:2006.10159

Xilinx VU9P
00 9 = LUT
—— FF
e DSP
40 -
30 -
20 -
10 -
O -
| | | | | | |
4 6 8 10 12 14 160

Bitwidth



https://arxiv.org/abs/2006.10159
https://arxiv.org/abs/2004.08906

Pruning + quantization-aware training

¢y 1.0
2 |
< B it T S < B k@

0.9 )
B ‘ _
. . . i Percent pruned (approx.) |
e Quantization-aware pruning (QAP): R o 98.8% }
iterative pruning can further reduce the 1T e -
hardware computational complexity of a : v 80.0% _
. 0.7( A 70.0% B
quantized model ; < 8000 :

] i » 50.0%
o After QAP, the 6-bit, 80% pruned model 0al . 40.0% ;
achieves a factor of 50 reduction In ottt ¢ | * 30.0% ‘

_ i otteﬁ/ ticket pruning + 20.0%
BOPs compared to the 32-bit, unpruned e 32-bit . 10.0% -

0.5

model e 6-bit e 0.0%
10° 10° 10
BOPs

o Study using
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https://github.com/Xilinx/brevitas
https://arxiv.org/abs/1804.10969
https://arxiv.org/abs/2102.11289

Hessian-aware quantization (HAWQ) =ov2011.10650

 Hessian of loss can provide additional guidance about quantization!
* Flat loss landscape: Lower bit width

» Sharp loss landscape: Higher bit width

Flat Loss Landscape M Sharp Loss Landscape

Floating Point values Floating Point values

W . W SN
(7 (17

et ens e 4-bit Quantization e e ens e 8-bit Quantization



https://arxiv.org/abs/2011.10680

COMPUTING HARDWARE ALTERNATIVES

28

Image: Microso ft



https://microsoft.github.io/ai-at-edge/docs/hw_acceleration/

LHC event processing

Compute
Latency

<

1 ns 1 us

Challenges:
Each collision produces O(103) particles

The detectors have O(108) sensors
Extreme data rates of O(100 TB/s)

29

1T ms

7.5 kHz
1 MB/evt

1s

Offline

FPGAs

Exabyte-scale
datasets



Al circuit for ultrafast inference on FPGA

40 ns

A Inference time: 2
Throughput: 104 Gb/s

Dense Network
23 =30 25 =20



https://cds.cern.ch/record/2714892

Next time

 Knowledge distillation



