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HW enables Deep Learning
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HW & Deep Learning Basics
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Large compute + memory

® 1986: Backpropagation published
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& Deep Learning Basics
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Sequential
Complex instruction set
Great for control flow

® 1986: Backpropagation published
e ~30 years of trying this on CPUs
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HW & Deep Learning Basics

A\\‘
‘\" r"oAa\ '/.

XA
Vol

&’:

. //A \\\\”ll/
Aty
f/

-

<

NVIDIA.

GEFORCE GTX
965M

= @ Q
5 ONW/ S e 'o‘m"
' ‘\\ \ W 'l’r" “‘ l( )‘»\ "

,,,',‘k\\ '/»«‘»\\\ 9‘}%\"’ 2\
.&\V.,\\ }""““V// Ve

Parallel
Great for matrix math
® 1986: Backpropagation published Bad for control flow

e ~30 years of trying this on CPUs
02012: AlexNet paper = +10% accuracy = Deep learning explosion
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Hardware types

ML Hardware

/\

General-Purpose Specialized
CPU GPU FPGA ASIC
Low- High Programm Fixed

latency  throughput
Control Data flow
flow

able Logic Logic
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Specialized Hardware
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Qualcomw
snapdragon
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Compute Performance Metrics

FLOPs/s Frequency e.g 1 GHz
_— / | AN PE

Floating-Point Operations persecond L ) U ) U )\ y
e MACs/s: Multiply-accumulate Ops/s

o Half FLOPs/s
e OPs/s: for non floating-point operations
e Chips are often labeled with “peak operations 1 cycles —

FLOPs/s" second O;g’:%xsecond wnumber o °

o Not achievable under normal workloads

T . for a single PE
o Very rough indication of performance
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Memory Performance Metrics

Memory capacity [GB]
e Memory bandwidth [GB/s]
o Transfer speed from memory chip
to compute chip
e More complicated because there is @
memory hierarchy
o Showing “external”/"main”
memory
o Can have caches, local memory,
reqisters with much higher
bandwidth

Accelerator Chip

PE
Memory Bandwidth e.g. 20 GB/s
Memory Chip

Memory
Capacity
e.g. 8 GB




DNN Performance

e Latency: Number of seconds per inference (unit = seconds)
e Throughput: Number of inferences per second (unit = inference/second)

Time ,

inference inference inference

inference

A

N,

Latency =0.25 s

Sequen’riczd

Throughput = 4 inf/s

Latency = 0.33 s
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Where does the energy goe

» Energy breakdown of an add instruction in a 45nm
CPU

« How can we optimize thise

Instruction Energy Breakdown

"o o] cono | RS
T T T

I-Cache Access Register File Add
Access

Source: Horowitz
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Amortize Overhead

Increase Computation with same overhead

25pJ | 6pJ | Control |
T T T
I-Cache Access Reglsézg §I|e Complex
instruction
Halt-precision Operation Energy** Overhead*

Fused Multiply-

Add HFMA 1.5pJ 2000%

4-way dot-

oroduct —THDP4A 6.0pJ 500%
16x16 matix | HMMA 110pJ 27%

multiplication

Source: Dally
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http://misys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5 15 '



"Special’ Instruction Examples

GPU ASIC (TPUV1)

PASCAL VOLTA TENSOR CORES
Unified Buffer Matrix Multiply Unit
for Local Activations (256x256x8b=64K MAC)
(96Kx256x8b = 24 MiB) 24%
29% of chip

D Host Accumulators D

A Interf. 2% (4Kx256x32b = 4 MiB) 6% |

i o M
p'grt Control 2% Activation Pipeline 6% |~ a port
ddr3 ddr3
0, . PCle . %

3% 1t © Interface 3% i | Misc.l/01% | - %

16x16 = 256*
256x256 = 64

MAC/CYCle *~ 500 tensor cores per GPU kMAC/Cycle




Numerical Format & Precision

Floating Point

Integer

& exponent fraction
2

8 bits 7 bits

E;ﬂ;:tj16e'3sto~3e3a EE e e e e E e E[M[M[m[M[M]|[m]m]

[m] ] ] ] ] ] ] ]

8-bit

8 bits 23 bits
T oo (o eleieieie e e e mfmfmfmfmm]m]-[m]m]m]m]w]

. . [ Lo [ [ o o o [ o o o [ o [0 [ [ [ ] ]
Mo s sosser (S € € & € & [mmm]w][mw]m]m]u]w] Q)ﬂ

e |EEE standard includes FP32 and e Whole numbers only
FP16

e (typically) much cheaper
e Many exofic FP numbers in DNN circuit area and power
o E.g. bfloat, minifloat
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Cost of Arithmetic Operations

Relative Energy Cost

(Log:rscale)

"

Operation Precision Energy (pJ)
_—( INT8 0.03)
4x < INT16 0.05
Addition | >(INT32 0.1)
FP16 0.4
FP32 0.9
<——‘((|NT8 0.2)
16X ™~ ~(nm32 3.1 )
Multiplication
FP16 1.1
(FP32 3.7 )
32-bit SRAM Read (8 kB) 5
32-bit SRAM Read (32 kB) 10
32-bit SRAM Read (1 MB) 100
32-bit DRAM Read 640

i
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Large Energy
18X Savings from INT8
quantization

Source: Horowitz
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Memory is the bofttleneck

Operation Precision Energy (pJ) | Relative Energy Cost
_—( INT8 0.03) (Log+scale)
4x < INT16 005 |
Addition | (INT32 0.1) |mm
FP16 0.4 (NS
FP32 0.9 _
INTS 0.2 - Large Energy
16 </(( ) 18X Savings from INT8
X \(INT32 3.1 ) _ quantization
Multiplication
FP16 11 S
(FP32 3.7 ) _ ~
32-bit SRAM Read (8 kB) 5 - __ Memory
32-bit SRAM Read (32 kB) 0 [ is the
32-bit SRAM Read (1 MB) 100 [ issuel
32-bit DRAM Read 7 2w '

Source: Horowitz
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Mem. Hierarchy Optimizations

1. Get data close to the computation. (LOCALITY)
2. Once data is close - perform all computations
with this data. (REUSE)

Operation

Energy (PJ) | Relative Energy Cost (Log-scale)

32-bit SRAM Read (8 kB)

5

32-bit SRAM Read (32 kB)

10

32-bit SRAM Read (1 MB)

100

32-bit DRAM Read

640

n"
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Memory Hierarchy

Regqister File
Private memory
Local
Why do we have a memory hierarchye /Iv\emory
e The closer you get to compute, the Accelerator £hip
4 N Ve 0
more $$ and scarce the memory PE L
resource becomes =) (=) Cache
e In most cases, the DNN parameters KB [ On-Chip Buffer
live off chip .ond org fetched layer- |3 (=3 ?Rr;ﬁhip Memory MB
by-layer or tile-by-tile . J
e Data locality: how to get data close /
to the PEs (to keep them fully External Memory
utilized) Main Memory GB
Global Memory
Off-Chip Memory DRAM




Memory Hierarchy Examples

Intel® 8 core Sandy Bridge CPU NVIDIA® GK110 GPU

4kB registers: 5 TB/s

1 MB Constant Mem 13 TB/s

1TB/s

200 GBis 500 GB/s

20 GR/s
10s GB Main Memory 4 GB Main Memory

20

GB/s
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Data Reuse

Data Reuse

/\

Temporal Reuse

Read once from memory, use same
data multiple times by same PE

Memory

Q

http://mlsys.cst.cam.ac.uk/teach

Reuse
entry
multiple
times from
a single
memory
read

Spatial Reuse

Read once from memory, use same
data multiple times by multiple PEs

I
_PE
xH

Memory ]

Reuse
entry
multiple
times from
a single
memory
read
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Stationary Weightse

Global Buffer
Act
Psum
XD QD | XD | QD | XD | XD | | KD
E gl Ighws Il we gl v |
Weight

(a) Weight stationary

aOw0 |4+ | alwl [+ | a2w?2 + | a3w3 |+ | adw4d |+ | abw5 |+ | abwébé |+ | a7wT/
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Stationary Inputse

Global Buffer

T Psum

m PE

(c) Input stationary

aOw0 |4+ | alwl [+ | a2w?2 + | a3w3 |+ | adw4d |+ | abw5 |+ | abwébé |+ | a7wT/

http://misys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5




Systolic Array: Maftrix Mulfts.

) b,
b2,1 S b1,2
b2,0 —b1,1 — b0,2 columns of b
- . . b1’0 b0’1
alignments in time — b,

— | L1 |

dpo dpq1 dpg —

Y
Y

dq2 dq4q QAqg —

dpo Azq dap N

http://misys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5




Systolic Array: Maftrix Mulfts.

b, 5
b1 — Dby,
D20 —byy — by 2

alignments in time ———b; o —p,,

] b |

dj0 9,0"Do
—

A4
v

dp2 Qo1

di2 d414 A1 —>

dpo dpq QAo S
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Systolic Array: Maftrix Mulfts.

b2,2
b1 — Dy
alignments in time ———b, o — by; — by,

\ oy o, |

ag 1 a5,0"Do,0 (8 o 20,0*bo,1

——»| +a,1*b, o

v

‘ b0,0
a4 0| a1,0*boo

dpp dzq dopg —
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Systolic Array: Maftrix Mulfts.

b,y — by,

1b2.0 lbm 1b1,o

a a;o*b *b a,,*b
0,2 | 200 oo |Q ag,0"bo,1 (A 0,0 Yo,2
—{ +ag,*by g b +ay b, 'L
+a9,2"b2 0
b1, by, 1

a1,0"bo,o a1_() a4,0"bo ¢
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Systolic Array: Maftrix Mulfts.

ay,0"by o aO 2| a00*bos |AQ a5,0"by 2
—t +a°.1‘b1'° ! > +ao.1.b1'1 0'; +ao'1.b1.2
+a9,2"b20 +a,,"b,
b2'o b1 11 b1 ,0
31'2 a1.0:b0,0 81'1 81_0.:.’0,1 a1’0 a1,o'b°'2
—> *+a,,"b, o +a, ,*b, ,
+a;,"b,yp
b
by, 1 Do,1 ,
a2,1 a50"bo,o 32,0 a,0"by 1
az 9 —| a,4"byp

|

lbmz
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Systolic Array: Maftrix Mulfts.
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|
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+ay4"b,
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a1,0"boo
+a,,"b, o
+a,,"b,

*
a,0"bg
*
+a,4"b,
+a;,"by

*
ap,0*bo 1 a9,0"D 2
0 Do, A
+a, b, , > *30,1*b1,2
+a,,"b, , *+a,,"b;,
*
a4,0"bo 1 a1.0'.bo.2
+a, *b, , +a,,'b,,
+a1_2tb2'1 +a1,2.b2.2
b2,2
\ 4
* a,.*b
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Kinds of Sparsity

Activation Weight
S |10 |12 210 1] 2
3|10 |1 X -4 -11 3|0
O| 8| 4| 4 O[O0 |3 ]2
2100 |1 O 0 |-5]|7
Acftivation / Weight
Sparsity Sparsity
~_F Block ~_F
o . Sparsity .
SpOrse OCTlVOhOﬂ fUﬂCTIOﬂS PI'UI‘\II‘Ig (covered in last lectures)
(e.g. RelLU)
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Coarse-grained "Block” Sparsity

e All DNN accelerators are parallel

. 64 MACs/cycle
o Multiple MACs/cycle

. ) T P R T, ] Tl e, R b
e The smallest unit of computation that ’I,;i,r.- #{I #-’-‘-" | 2 g
. . R e L H s | 5
can be skipped is a large block g 4'c'- ; o | o ek
(recall amortized overhead) e o PN . iR SRR | - S
e Example: SRS ﬁﬁ' T, '
. . B e T :EE-.
o Systolic array with 64 MACs/cycle A e y i
= 8x8 pattern ..;.;_:-}. 1 '-':.-":"1' : e — e

o 64x64 matrix = 4096 MACs

o Total # cycles = 64 cycles

o Block sparsity pattern needs to
skip blocks of 8x8

o Speedup = 64/(64-26) = 1.7X
faster

Dense weights Block-sparse weights
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Coarse-grained "Block™ Sparsity

http://misys.cst.cam.ac.uk/teach

All DNN accelerators are parallel
o Multiple MACs/cycle
The smallest unit of computation that
can be skipped is a large block
(recall amortized overhead)
Example:
o Systolic array with 64 MACs/cycle
n 38Xx8 pattern
o 64x64 matrix = 4096 MACs
o Total # cycles = 64 cycles
o Block sparsity pattern needs to
skip blocks of 8x8
o Speedup = 64/(64-26) = 1.7X
faster

64 MACs/cycle

i
s 20 = 21 22
" ! - - 3 -
i el N R w L S n a
'II' LB i e !.'I 23 24 | 25 | 2 =
! 1
L] ] 3]

Dense weights

Block-sparse weights

Simplest way to leverage sparsity with low
overhead

= Single bit per 8x8 block (1/64 = 1.6%
overhead)

= Simple confrol logic because entire

block is skipped
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Fine-grained Sparsity (Ampere GPUs)

e Veryrecently, fine-grained sparsity was
added to Tensor Cores on Nvidia GPUs
e 2 elements for every block of 4 elements
can be zero
e Requires refraining to regain accuracy Spares matrx W SORPIGEeT BENINCRE

e Overhead? ]
= R
G

o 2 bits per 8-bit element
o 12.5% memory overhead
c — Ci2 —>

o Control logice Performance
Improvemente Power savingse

CIZ
Non-zero 2- buts
data values indices

i
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Nvidia GPU Progression

Single-Chip Inference Performance - 317X in 8 years

1400.00

1248.00

1200.00

1000.00

800.00

Int 8 TOPS

600.00
400.00

200.00

K20X
3.94

0.00
4/1/12 8/14/13 12/27/14 5/10/16 9/22/17 2/4/19 6/18/20 10/31/21

Source: Dally
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Google TPU

|
= HBM | | 1T ' HBM
8 GB | core core 8 GB
Weight FIFO [
(ol Fewtier) scalar/vector scalar/vector
G 30 GiB/s units ‘ units

14 GiB/s

N

14 GiB/s

=

e Vet : ‘ llltilll lljlltl-
(64K :«"cycl-) V2 i HHHHH 1T dooooano
ooog

MXU MXU

PCle Gen3 x16
Interface

Host Interface

128x128 128x128

D;muo = . D Source: Google
[] oata Butter
e e 16 GB of HBM e
600 GB/ BW accumulation but
. smemet reduced precision for
e Scalar/vector units: multipliers
32b float e 45TFLOPS

Source: D. Harris
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C2C c2c C2¢ C2¢ C2C c2€c C2C c2c c2c CaC

e Programmable dataflow X4 x4 x8 xe x4 e
architecture JEMW&;":’L‘:;; sl M Tmxm
e 1000 TOPs/s peak INT8 T T Y R sup¢m3m g AT
performance il e
e 200 MB on-chip SRAM (80 TB/s) |
o No external memory, scales |
by increasing number of chips | |
e FP16 and INT8 precision | West MEM
e Philosophy: “unroll” a multicore | ey |
architecture on-chip spatially to
allow for custom instructions

East MEM
44 independent
memory
banks/slices

|
|
|
|
|
|
|
SU%ERLA}!E p

North West Hemisphere on-chip East Hemisphere
West ;:I; Eant bisegtion
MEM [— VXM
16 vector
44 slices —4 ALUs per

= SURERLANE 1
—_— —— SUPERLANE 0

In(s:tor:tcrt::ﬂ ==m B (BB.B) BE.B B8..8) ..g) Instruction Control Units ECUS)
i 5 i . i ¥ . s c2¢ 2C C2C C2C C2C c2C
o v . J \ J \ J J PCle Gen4

(ICUs) L ] x4 | i Source: Grog
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Grog

West Hemisphere on-chip

44 slices

o I TR R AT
TRy W] 4

- T O Ly

=l ~eTh - T
FTmmm e | | S e ..

Fig. 11. Example instruction schedule for 3x3 max pool in ResNet50.
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Cerebras

Largest Chip Ever Built

e 46,225 mm? silicon

Fabric Switch
Sl
=

Dataflow Trigger

o~ ager _ 400,000 Al optimized cores

F Cine - ‘ 18 Gigabytes of On-chip Memory

‘*“eg‘f‘e’s% 9 PByte/s memory bandwidth
e 100 Pbit/s fabric bandwidth

TSMC 16nm process

1.2 trillion transistors

Tensor Control =

Datapath | |

Cerebras WSE

1.2 Trillion Transistors
46.225 mm?2 Silicon

Largest GPU

21.1 Billion Transistors
815 mm2 Silicon

Source:Cerebras
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