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ImageNet Winners (top-5 classification error)
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The BIG picture
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Inspiration: Our Brain is extremely powerful & efficient

Performance Development

e Power = 20 Watt

» Speed = 1000 Exa Op/s*

 Energy/operation =
Power / Speed =
2x10- fJ/operation

« Compare to Frontier
* Power =21 MW
« Peak = 1.194 ExaFlop/s
* 680 m?
* Energy/op. =19 pJ/op

*Tim Dettmers:
"making deep learning accessible"
2015
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Once over lightly

 What’s (Deep) Learning?
* self learning algorithms
* using huge data sets to learn
* deep: many "learning layers"
* brain inspired, based on neurons and synapses (connections)
* high classification accuracy

e CNN: Convolutional Neural Network
* Learning

e Other Network Models
* Optimizations
e Architectures

ASCI Winterschool 2023



Learning

Traditional CS
m) Output

Machine Learning

Data m=)

Output m=p

Concl: We learn 'by example'’
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3 key components

 Score function (Classifier) : Function to map input to output
* Loss Function : Evaluate quality of mapping
* Optimization Function : Update classifier

> Label 'cat’
Classifier Class Loss
(DNN or - values =—> (measure of the
Bayesian model) error)
\ Optimization: /

Improve
classifier

ASCIl Winterschool 2023




Example: Polynomial Curve Fitting

* o Measured values (x,t)
. . 1t 0O
* Generated by t=sin(x) + noise o)%
o ,tf":y)
e Can we learn this curve from or
the measurements? |
-
i1 |
0
M
- 2 M __ J
y(x, W) = wo + wix + wex” + ... + wyx” = W;x
7=0

LExample taken.from C.M. Bishop: Pattern Recognition and Machine Learning



Loss E(w): Sum-of-Squares Error Function

t

&
ol

n

Model
error = (y -t )

Total error: E(w)=) {y —t

} > Tune model such that difference
& between y, and t, gets smaller

ASCI Winterschool 2023
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E.g. assume model = 3 Order Polynomial

* 4 parameters w,

g

Wo 0.31 ¢
W, 7.99
W, -25.43 0F
W3 17.37
_1 =

0
Model:  y(x,w)=w,+ w,x + w,x?+ wx3

ASCIl Winterschool 2023
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9th Order Polynomial => Overfitting
* 10 parameters w;

Lt

Wo 0.35

W, -5321

Ws 45688 Or

Wy -231630

Ws 640042

W -1o61800 |

w, 1042400

Wg -557682

Wo 125201 0 - .

. — 2 9
Model:  y(x,w)=w,+ w X+ W,Xx°+... + WeX

ASCIl Winterschool 2023



Over-fitting

1

—©— Training
—O— Test

T N

Root-Mean-Square (RMS) Error:  Erns = /2E(w*)/N

ASCI Winterschool 2023

Overfitting
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Increasing Data Set Size to 100 points

9th Order Polynomial o,'o’°’ 5
XY
N =100 It 90 00~ N =100
00 @ p;:&\
i Cp@ O 09V O
® g () 50
%\ o O l‘. ‘)
0 B e o ."9
.“’. o 00 ‘e";'
O 00"& O
0 B9V 500
_1 \:.‘6@@.
O O
: 4 ) .
0 1

. — 2 9
Model:  y(x,w)=w,+ wx +w,x?+... + Wy
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Regularization

* Penalize large coefficient values =>
add regularization term:

E(w) =) {y,—t.P+A|w]?

* A is one of the many hyper parameters for learning

ASCI Winterschool 2023
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Regularization: InA=-18, M=9 (10 coeff)

Lt O~ In A= —18

ASCI Winterschool 2023
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Regularization: Egys Vs. In A

* Hyperparameter tuning:
A 1s critical !

ASCI Winterschool 2023

1
Training
Test
0.5 B / ..
-35 -30 25 20

In A
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Polynomial Coefficients

InA\=—-00 InA=-18 InA=0
wy 0.35 0.35 0.13
wy 232.37 4.74 -0.05
w3 -5321.83 -0.77 -0.06
w3 48568.31 -31.97 -0.05
wy -231639.30 -3.89 -0.03
Wi 640042.26 55.28 -0.02
wg | -1061800.52 41.32 -0.01
w? | 1042400.18 -45.95 -0.00
w3 -557682.99 -91.53 0.00
wy 125201.43 72.68 0.01

I

No regu]arization Too much regularization

ASCI Winterschool 2023



Once over lightly

* What's Deep Learning?

* CNN: Convolutional Neural Network
* Learning

e Other Network Models
* Optimizations
e Architectures

ASCIl Winterschool 2023



Deep Learning, a quick tour

(%

LOWS-J,q,y,gJefg%gp;% Mid-level features

High-level features

A Simple Task
 Detect face

20



Convolutional network as a deep loop-nest

Example input

Synaptic
vector -
weigths Bias
b g '
Activation 08 4o ]
. ——Threshold
X
! function Output 06 Lo (_p_[{)}___ég_________---;-;---_S_igr_np_iq____
X2 Y Y A
(p(p) 0_1 04 +---—--------— __ ______________________
, 02 f---------—=- ——————————————————————
Summing B
XK-lo junction 0 ey
4 3 2 1 0 1 2 3 4

for 1 in layers:

for o in output maps[1l]:

for i in input maps[1l]:

for x in columns[1l]:

for y in rows[1]:
for kx in kernel widht[1]:
for ky in kernel height[1l]:
out[1l][o][x][y] += in[1][i][x+kx][y+ky] * w[l][i][o][kx][ky]

fout[1][o][x][y]= f_act(out[1][o][x][y])

ASCI Winterschool 2023



Our Brain

T—— - Thg b§5|c computational unit of the
toward cell body brain is a neuron

branches N . .
* about 100 Billion neurons in our brain

of axon
* Neurons are connected with nearly 1014 -
s, o 1015 synapses

terminals o .
* Neurons receive input signals from
impulses carried

. | : it dendrites and produce output signal along
cell body awayfrom cefibody = axon, which interact with the dendrites of
other neurons via synaptic weights

dendrites

nucleus

e Synaptic weights — learnable & control
influence strength

ASCI Winterschool 2023 22



Artificial Neuron
| L) wo

axon from a neuron ™

w1

*@® synapse
\.\\.\\\\_\ wOwO

: \‘\\
dendrite \

"\

cell body

Zw,-a:,- = b

Wo Ty

ASCI Winterschool 2023

f

f (Z w;T; + b)

output axon

activation
function

23



DNN structure

Modern Deep CNN' 5-1000 Layers 1 -3 Layers
Low-Level Mid-Level High-Level
CONV Class
-> - >
Features Features m Feeturee E Scores
Non-linearity Normalization Pooling Fully Non-linearity
Connected

AR Bk A

Optional

ASCIl Winterschool 2023



Convolution in CNNs: 1 layer

Input Fmaps

Output Fmaps * N = batch size

Filters

* Cinput feature
maps of size HxW

* M output feature
maps of size ExF

M filters of size RxS

ASCI Winterschool 2023 25



Convolution code

for (n=0; n<N; n++) {

f =0; m<M;
. -‘If:gr‘ (xzﬂ; xT:j}x£+} { for each OUtpUt fmap value

for (y=0; y<E; y++) {

O[n][m][x]Lly] = B[m];

for (1=0@; i<R; i++) {
convolve For (j=0; <5 j++) {
a window for (k=0; k<C; k++) {
and apply } o[n][m][x][y] += I[n][k][Ux+i][Uy+3] x W[m][KI[i1[]];
activation }

}

O[n][m][x]Ly] = Activation(O[n][m][x][y]);

}
}
}

AS}I Winterschool 2023 27



Learning

 Score function (Classifier) : Function to map input to output

* Loss Function : Evaluate quality of mapping

* Optimization Function : Update classifier

> Label 'cat’

Classifier

(DNN or
Bayesian model)

ASCIl Winterschool 2023

Class

1

Loss

- values = (measure of the

error)

\ Optimization:
Improve

classifier

/

28



How do we learn all these coefficients

Layer 3
input Layer 1 Layer 2 80x173x313 Layer 4

720 x 1280 6x358x638 16x177x317 8x173x313

=

Object
Category + Position

o i, | “l_ li
ol T =
f":,_t: ,iﬂ IL‘ = _ﬂ\ ——— 1x1 conv.

6x6 conv. with 6x6 conv. with 'iiiii e
2x2 subsample 2x2 subsample 5x5 conv. ||“ e S
g Pl % i

* Back Propagation !!
e calculate partial derivatives: 6Loss / dw , for all w
e update w
e repeat many times, with many labeled inputs

ASCIl Winterschool 2023

29



Once over lightly

* What's Deep Learning?

e CNN: Convolutional Neural Network
* Learning

 Other Network Models
 Transformer
* SNN: Spiking Neural Network

* Optimizations
e Architectures

ASCIl Winterschool 2023



Transformer using

Attention NW

Sudipto Baul @ medium.com

Input Embeddings |

FTTT 1

A 2 oo m enrie

(Tnput Sequemce.)

Oulput E.opas.mies

1 &
1y
Ot Embeddings Yo
()
{Stmsk) He hk me wih o pe
(Odpat Seyuoree)

31



SNN: Spiking Neural Network (more brain inspired)

OUTPUT Action potential
IR INPUTS
axon ’/*{' b A1l ., fr=e OUTPUT
e binary
synapse A2— Ly = —J—"event

Ly Action potentiar
INPUT a3—L

dendrites dendrites

T T

e ™
/
{

|

'. |
\ /
/

N y

o &

input spiking neuron i

> L

Model:

/"---_ _---\'\
Jesus L.Lobo @ towardsdatascience.com A J
\\-____7___7_./’ 32



Once over lightly

 What's Deep Learning?

e CNN: Convolutional Neural Network
* Learning

* Other Network M Computation
10% Input Feature Map

* Optimizations 25%
* Pruning
* Quantization

* Data reuse

Weights
22%

e Architectures

Typical energy breakdown of a CNN
Yang.e.a CVPR'17

ASCIl Winterschool 2023



bafore pruning

Pruning: Reduce Network

* Fine grain (irregular) pruning
* removing connections with small weigths
* needs special HW for efficiency

pruning

MEURINE

e Coarse grain (regular) pruning
* remove kernel (2D): i.e., skip an input feature map for a certain filter
* remove complete filter (3D), i.e. reduce nr. of output feature maps

e Structured pruning:
 try to keep e.g. SIMD regularity (vector computing)
» decompose filters
* depth wise convolution
* N:M type of pruning

ASCI Winterschool 2023

pruning

Q.

_——

YT s é

aftar pruning

@<
\

h
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From Fine to Coarse-Grained Pruning

* Prune to match the underlying data-parallel hardware
 E.g.prune by eliminating entire filter planes

Irregular = Re gular
Fine-grained Vector-level Kernel-level Filter-level Sub-kernel Kernel
Sparsity(0-D) Sparsity(1-D) Sparsity(2-D) Sparsity(3-D) Vector

[l B
o o]

H. Mao et al. “Exploring the regularity of sparse structure in ConvNets” (CVPR 2017)

ASCIl Winterschool 2023

Filter
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Quantization: why?

ASCIl Winterschool 2023

Operation: Energy
(pJ)
8b Add 0.03
16b Add 0.05
32b Add 0.1
16b FP Add 04
32b FP Add 0.9
8b Mult 0.2
32b Mult 3.1
16b FP Mult 1.1
32b FP Mult 3.7
32b SRAM Read (8KB) S
32b DRAM Read 640

Relative Energy Cost

1 10 102 103 104

Area
(um?2)

36

67

137

1360

4184

282

3495

1640

7700

N/A

N/A

1
[Horowitz, “Computing’s Energy Problem (and what we can do about it)”, ISSCC 2014]

Relative Area Cos

10 102 103

36



Number representations
1 8 23
1 5 10

FP16
1 31
1 15
1 7

Int16

INnt8

ASCIl Winterschool 2023

Range

10-38 — 1038

6x10-°- 6x104

0 —2x109

0 — 6x104

0-127

Accuracy

.000006%

05%

iz

iz

2
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Sign Range Precision

Newer floating —— e N i
Noint formats Lis —
TENSOR FLOAT 32 (TF32) _

TF32 Precision

FP16

sign exponent significand

O 0O O O O 0O o0 o 8 bit, mini float

ASCIl Winterschool 2023



Going beyond traditional floating point: Posit

sign regime exponent fraction

bit bits bits bits
r 1 T 11t b 1T 1T 1T 11
gijo oo110111011101
1 1 {1 1 & &t | 1 J ¢ [ |

+ 2567 x 2°x(1+ 221/256 )

Posit (16 bits in this example)

Decimal scourcy Posit vs Floating point precision
(16-bit numbers)

e PRTES

ASCI Winterschool 2023 39



Reducing external memory accesses

VGG16 example:

- Qriginal code
Rescheduled code

External Accesses [#]
o
(4]

=
o
=

,Lbn

© o N X o S L0
P A PP

Buffer size [kB]

Conclusion: we need advanced loop transformation to exploit data locality (in local buffers),
reducing external accesses

ASCI Winterschool 2023
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Types of reuse

Convolutional Reuse

CONYV layers only
(sliding window)

Filter InE)ut Fmap

Activations

PRalEE; Filter weights

ASCIl Winterschool 2023

Fmap Reuse
CONV and FC layers

Filters

= Input Fmap
15 -

//7

Reuse: Activations

Filter Reuse

CONV and FC layers
(batch size > 1)

Input Fmaps
Filter

Reuse: Filter weights

41



Once over lightly

* What's Deep Learning?

e CNN: Convolutional Neural Network
* Learning

 Other Network Models
* Optimizations
* Pruning

* Quantization
* Data reuse

* Architecture examples

ASCIl Winterschool 2023




Accelerators: Google's TPU v1 (2016)

e The Matrix Unit: 65,536 (256x256)

8-bit multiply-accumulate units

700 MHz clock rate

e Peak: 92T operations/second
o 65,536*2*700M

>25X as many MACs vs GPU

e >700X as many MACs vs CPU
e 4 MiB of on-chip Accumulator

memory

e 24 MiB of on-chip Unified Buffer,, ..
(activation memory)
e 3.5X as much on-chip memory

vs GPU

e Two 2133MHz DDR3 DRAM

channels

e 8 GiB of off-chip weight DRAM

memory

ASCIl Winterschool 2023

14 GIB/s

> | &=

PCle Gen3 x16
Interface

N

[] off-chip vO
I:l Data Buffer
El Computation

& contro

Not ta Scale

Host Interface

TPU: High-level Chip

Architecture

14 GiBls DDR3 s Weight FIFO |
interfaces | ——— |__(Weight Fetcher) |
I, 30 Giss

Unified
Buffer
{Local
Activation

itk Mltoly
Systolic ; .,é_';..J..._ (LS e
Data {8 percycle)

Setup
e

Actlvation

167 GiB/s

s ™
Normalize / Pool

15
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TPU v4 (2021)

e /nm process

e Optimized for training, superset of TPU v4i:
o Two TPUv4i Tensorcores
o 2X HBM of TPUv4i

(—QADMD-LOMG ~

e 275peak TFLOPS
o BF16 with FP32 accumulation 200W/275 TFIO:DS

o Also supports int8 like TPUv4i =0.73 pJ/flop
°* Typical power ~200W

o TDP is higher to guarantee §m{and prevent throttling
o Peak power and water cooling are cheaper than SLO violations

44



TPU v4 architecture
TPUv4 Chip Architecture

| TC8 TensarCore Ttes | Tensorcome | i
I - =
':‘“:1 NXU My s N
wol . _ | I
ot J, xu ] MU b= & e x|
'  eemenng 3 |
oy }tt‘ “ﬁ Y ] MXU s 4 MU \ E
i "
1CI Link
Cmem \
| . = , N Lnk ] '
| | Fast Chlp-to-Chlp G ciunk </ '
: 3. ICI Router | {
= Connection I l'_ 2 . ko oo k£ )
! | ¢ SR | o
- ) ICI Link
Sparsy HBEM Sporse A Sparse HEM | r’,.
e o =2 s . ey o 1Ciunk J
Chip-to-C t T T S =
| 1 1 ——. - —— N -
.go:ne?:?:: = ‘hm M::] .L_::: ’ ﬂ = | <% Fastin-pkg DRAM

(see servethehome.com) 45



BrainTTA (TUE): System-on-Chip for Deep Learning

IRQ

.................

DMEM LSU
______ =

' DMEM |

.................

— TSI A A T

PMEM LSU #,7 ] i i
TTA CORE [t _16kB
2= AXIINTE

1725um

 Technology: 22 nm

e RISC-V + peripherals

* Split Data and Parameter memories (DMEM/PMEM) with banked access
* IMEM: Instruction memory

ASCIl Winterschool 2023



BrainTTA: the TTA Core ;= o

______________________________________________ — — memories

] ——  Scalar (32-bit), TR e
Il —— Vector (1024-bit). ; B ;

' mmmmannn
- e <L )_;j O—0—C i:i c)—;]: o 1
! A
sEmemss =t
' =
¥ X I T \ T
3 vMACs: vADD: vOPS:
1. 8-bit MAC * Vector-Vector addition * Requantization
e Scalar-Vector MAC * Residual support * Binarization
e Vector-Vector MAC . EFHS”ZTUOH
2. Binary MAC axroo

* Auxiliary ops

3. Ternary MAC

47



Really solving the memory bottleneck:
Computing in Memory (CIM) Crossbar Array

Gn Gz‘z\:\':‘ G13 G\I;I\
V2—> o \ \ \
Vs _> Gzli.;\ 4G N Gy . “GZM

- AT

VN— . = ... .
/ GXGNZ GN? ’:T\‘u GI%\

-
-
V"

Iy = Z GrynVn Y \./ \./ Y

I, I, I; -1y

ASCI Winterschool 2023 48



Conclusion

* Deep learning is an extremely fast moving field

* All big players (Big five) invest Billions of Euros

* Efficiency is a big problem, especially when moving Al to the Edge
* Plenty of research opportunities

ASCI Winterschool 2023
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