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ChatGPT

0
Examples

“Explain quantum computing in
simple terms”

“Got any creative
year old's birth:

"How do | make an HTTP
request in Javascript?"

Hi%: Generative Pre-trained Transformer (GPT)

% A

Capabilities Limitations

Remembers what user said May occasionally generate
earlier in the conversation incorrect information

Allows user to provide follow- May occasionally produce

up corrections harmful instructions or biased
content

Trained to decline inappropriate
requests Limited knowledge of world and
events after 2021
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Partial Sums

Figure 3. TPU Printed Circuit Board. It can be inserted in the slot
for an SATA disk in a server, but the card uses PCle Gen3 x16.

Done

Figure 4. Systolic data flow of the Matrix Multiply Unit. Software
has the illusion that each 256B input is read at once, and they instantly
update one location of each of 256 accumulator RAMs.

NVIDIA Tensor Core GPU 2020s

H100 FP16
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B B Systolic Arrays: Motivation ANET LR

PEKING UNIVERSITY

» Goal: design an accelerator that has
 Simple, regular design (keep # unique parts small and regular)
 High concurrency - high performance
 Balanced computation and I/0 (memory) bandwidth

« Idea: Replace a single processing element (PE) with a regular array of PEs and
carefully orchestrate flow of data between the PEs

 such that they collectively transform a piece of input data before
outputting it to memory

» Benefit: Maximizes computation done on a single piece of data element
brought from memory



I B Systolic Arrays

INSTEAD OF:
l MEMORY I“ 5 MILLION

OPERATIONS
100 ns PER SECOND

. AT MOST
WE HAVE: |
| MEMORY |‘__ 30 MOPS

Hsiang-Tsung Kung POSSIBLE

100 ns
"’I PEIPE IPE IPElPElPiI—

THE SYSTOLIC ARRAY

Figure 1. Basic principle of a systolic system.

= H.T.Kung, “Why Systolic Architectures?,” IEEE Computer 1982.
H.T. Kung | Ph.D. Advice (harvard.edu)
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Memory: heart
Data: blood
PEs: cells

Memory pulses
data through
PEs


https://www.eecs.harvard.edu/htk/phdadvice/
https://www.eecs.harvard.edu/htk/phdadvice/

B B Systolic Computation Example ANET LR

PEKING UNIVERSITY

« Convolution
« Used in filtering, pattern matching, correlation, polynomial evaluation, etc ...
« Many image processing tasks

* Machine learning: up to hundreds of convolutional layers in Convolutional
Neural Networks (CNN) (renaissance after 40years !!)

Given the sequence of weights [wy, wy, . . ., Wy |
and the input sequence xy, X7, . - . , Xp s

compute the result sequence ¥y, ¥2, - - - s Vns1-k |
defined by

VisWXi+WoX, o + .00 WX g

. 172276213836 13211193 207112199124 84111 354013088 244165206118 ..



o1 LeNet-5, a Convolutional Neural Network
for Hand-Written Digit Recognition
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This is a 1024*8 bit input, which will
have a truth table of 2 8196 entries

C3: f. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

"

32x32 S2: f. maps

8@14x1 120

C5: layer . jayer OUTPUT
84 10

|
Full cnmlg.:tinn | Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

Slide credit: Hwu & Kirk



1 BB An Example of 2D Convolution

Output feature map
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Structure information
Input: 5*5 (blue)
Kernel (filter): 3*3 (grey)
Output: 5*5 (green)

Computation information
Stride: 1
Padding: 1 (white)

Output Dim = (Input + 2*Padding
Input feature map - Kernel) / Stride + 1



1 BB An Example of 2D Convolution
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Convolutional Neural Networks: Demo

Back to Yann's

Home
Publications

LeNet-5 Demos

Unusual
Patterns
unusual styles
weirdos

Invariance
translation (anim)
scale (anim)
rotation (anim)
squeezing (anim)
stroke width
(anim)

Noise
Resistance
noisy 3 and 6
noisy 2 (anim)
noisy 4 (anim)

Multiple
Character
various stills
dancing 00 (anim)
dancing 384
(anim)

Complex cases
(anim)

5 -> 53
12 ->4-> 21
23 ->32
30 + noise
31-51-57-61

LeNet-5, convolutional

neural networks

Convolutional Neural Networks are are a special kind of
multi-layer neural networks. Like almost every other
neural networks they are trained with a version of the
back-propagation algorithm. Where they differ is in the

Convolutional Neural Networks are designed to
recognize visual patterns directly from pixel images with
minimal preprocessing.

They can recognize patterns with extreme variability
(such as handwritten characters), and with robustness to
distortions and simple geometric transformations.

LeNet-5 is our latest convolutional network designed for
handwritten and machine-printed character recognition.
Here is an example of LeNet-5 in action.

9“ LeNet 5 | peseancw
answer: 7

724

Vi

T RLayer—S I\
Layer-3 Input
Layer-1

7

VAN T

7
17}
17}
A
[
113
7 ]
-
/
{

Many more examples are available in the column on the
left:

Several papers on LeNet and convolutional networks are
available on my publication page:

[LeCun et al., 1998]
Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner.
Gradient-based learning applied to document
recognition. Proceedings of the IEEE, november 1998.
ps.gz

[Bottou et al., 1997]
L. Bottou, Y. LeCun, and Y. Bengio. Global training of

HE‘

RESEARCH
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http://yann.lecun.com/exdb/lenet/index.html
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. Implementing a Convolutional Layer

with Matrix Multiplication

1218 10 | 20 Output
Features
13 | 22 15 | 22 Y
11 101 01 110 R Convolution
Filters
2|2 101 110 01 211 W
V,] 2\ r() 2\1 V,] 2\1 |nput
AV N |12 N0 | 143 Features
0|22 101]0 3|3 X
1l1l2l2|111]1]o]1]1]0 [ 2]71][1] 2118 13 ] 2
11o0/o1|2f1)2]1[1|2]2]0 * 20lof[1]]3
A1l 10|20 15| 22
10(3]|2]|2
Convolution 0f|2][0]]1] Output
Filters (202 Features
w ol [1][1]]1 Y
11l2]/1]]o0
10201
2011 ([1]]3
ofl1[|3]|3
1013]|3]]2
Input
Features

Slide credit: Reproduced from Hwu & Kirk

X (unrolled)
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I B Example: ResNet (2015)

He et al., “Deep Residual Learning for Image Recognition”, CVPR 2016.

Deep Residual Learning for Image Recognition

Kaiming He Xiangyu Zhang Shaoqing Ren Jian Sun

Microsoft Research
{kahe, v-xiangz, v-shren, jiansun} @ microsoft.com

ImageNet experiments

152 layers
y FirstCN N
\‘ 11
22 layers | 19 Iayers
\ 6.7

Human: 5.1% /ﬁ I ‘ 8ﬁ58hi“lshanow.

HICCVIE

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”

arXiv 2015
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Y B Neural Network Layer Examples ANET LR

PEKING UNIVERSITY
LeNet AlexNet
| Image: 28 (height) x 28 (width) x 1 (channel) | Image: 224 (height) x 224 (width) x 3 (channels) |
. V
| Convolution with 5x5 kernel+2padding:28x28x6 | | Convolution with11x11kernel+4stride:54x54x96 |
. sigmoid v RelLu
| Pool with 2x2 average kernel+2 stride: 14x14x6 | | Pool with 3x3 max. kernel+2 stride: 26x26x96 |
\ V
| Convolution with 5x5 kernel (no pad):10x10x16 | | Convolution with 5x5 kernel+2 pad:26x26x256 |
. sigmoid v Relu
| Pool with 2x2 average kernel+2 stride: 5x5x16 | | Pool with 3x3 max.kernel+2stride:12x12x256 |
. flatten v
| Dense: 120 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x384 |
., sigmoid v Relu
| Dense: 84 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x384 |
., sigmoid v Relu
| Dense: 10 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x256 |
v v Relu
Output: 1 of 10 classes | Pool with 3x3 max.kernel+2stride:5x5x256 |
| flatten

| Dense: 4096 fully connected neurons |
v ReLu, dropout p=0.5

| Dense: 4096 fully connected neurons |
v ReLu, dropout p=0.5

| Dense: 1000 fully connected neurons |

v
Output: 1 of 1000 classes

14
By Cmglee - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=104937230
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I M Systolic Computation Example: Convolution (I)

e Convolution

« Used in filtering, pattern matching, correlation, polynomial evaluation,
etc ...

- Many image processing tasks

« Machine learning: up to hundreds of convolutional layers in
Convolutional Neural Networks (CNN)

Given the sequence of weights (wy, wa, . . ., Wy |
and the input sequence X;, X7, . . . » X1

compute the result sequence ¥y, ¥3, - - - s Vsl -k
defined by

YVi=WiXi+WoX;pp + o0+ Wik

15



I B Systolic Computation Example: Convolution (Il)

vyl =wlixl +
w2x2 + w3x3

*y2 =wlix2 +
w2x3 + w3x4

*y3 =wlix3 +
w2x4 + w3x)

TR at Z >4
A7 75 3
PEKING UNIVERSITY

«—r e[r e et
X3 X9 Wn Wo |X4 Wi
-—p ——p L JHpjL J L J
(@)
Yout - g '}’m
I w Yout = Yin + W X
Xin L Jd Xout Xout — Xin
(b)

Figure 8. Design W1: systolic convolution array (a) and
cell (b) where w;’s stay and x;’s and y;'s move systolically
in opposite directions.

16



B B Systolic Computation Example: Convolution (lll)

X3 o= o= =

@ .

RESULTS 0—-?—

%

w3 "é w2
444" X7 P

A’é -
3

MULTIPLIER @ -

ADDER

Figure 10. Overlapping the executions of multiply and add in design W1.

« Worthwhile to implement adder and multiplier
separately to allow overlapping of add/mul executions

17
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B B Systolic Computation Example: Convolution (IV)

* One needs to carefully orchestrate when data
elements are input to the array

* And when output is buffered

 This gets more involved when
 Array dimensionality increases
* PEs are less predictable in terms of latency

18
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« 3x3 FEPEFFE%

Ak avl a2
alo all al2

a20 a2l a22

bod bOl bo2
bl0 bll bil2

b20 b21 b22

cO0 cOl co2

clo cll1l cl2

c20 c21 c22

CcO0=
col=
CcO2=

clo=
cll=
cl2=

C20=
c2l=
Cc22=

a00*b0o0
a00*b0o1
a00*b02

+

+

+

alo*beo +

alo*bol
alo*bo2

a20*boo +

a20*bo1
a20*b02

a0l1*blo +

afl*bll
afl*bl2

all*blo +
all*bll +
all*bl2 +

a21*b10 +

a21*bll
a21*bl2

a02*b20
a02*b21
a02*b22

al2*b20
al2*b21
al2*b22

a22*b20
a22*b21
a22*b22
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CcO0=
col=
CcO2=

clo=
cll=
cl2=

C20=
c2l=
Cc22=

a00*b0o0
a00*b0o1
a00*b02
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+
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a0o abl ao2
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a20 a2l a22

- 3x3 FEpERE

boo bol b02
bl1e bll bil2

CcO0=
CcOl=
CcO2=

clo=
cll=
cl2=

C20=
c2l=
Cc22=

b20 b21 b22
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R=R + M*N b2
b21 bil2
b20 bll bo2
co0 col c02 b1o bo1
boo
clo cl1l cl2 l l l
c20 c21 c22
a02 aol aee —| R=0 » R=0 .+ R=0
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° 3 X 3 %E BE %; £ Figure 1: A systolic array processing element
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l R =R + M*N
Q
o 3 X 3 %E BE ﬁ; £ Figure 1: A systolic array processing element
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cll= alo*bol all*bl1l al2*b21
cl2= alo*bo2 all*bil2 al2*b22
c20= a20*boo a2l*blo a22*b20 R=c20 J R=c21 ) R=c22
c21l= a20*bol a2l1*bll a22*b21
c22= a20*bo2 a2l*bl12 a22*b22




oW 24BN E T G e 53

PEKING UNIVERSITY

Systolic Array
R
e P R e "
e P e e
-
BXENRSFU AR o

- NIRRT -> BIAR
- BiERE BE BEEIgt

33



NN bERE: #$EXs PE: Processing Element i:émimg%
BXzNPE7I S SRS KB/t AKX B1?
BNz S]EES ¢
im7KEe: E &S SEiE
BN iz S]E LS
BTE)

BKTHE%5 -

-AEEEEE-



Bl D@EE. #HEXa PE: Processing Element iﬁ@;ﬁﬁ
BXzNPE7I S SRS KB/t AKX B1?

iVES So&tiE
K RS
iVESE

5 [oj&giE

5 [o]&iE
AJTE)

BVEIE BiEERIENTE

samm xi
BRENRS5 ____SEmE X

_________________

AJIE]



@ B Two-Dimensional Systolic Arrays

(a) 1

(b)

T (c)

Figure 11. Two-dimensional systolic arrays: (a) type R, (b) type H, and

(c) type T.

To a given problem there could be both one- and two-
dimensional systolic array solutions. For example, two-
dimensional convolution can be performed by a one-
dimensional systolic array?*?3 or a two-dimensional
systolic array.® When the memory speed is more than cell
speed, two-dimensional systolic arrays such as those
depicted in Figure 11 should be used. At each cell cycle, all
the I/O ports on the array boundaries can input or output
data items to or from the memory; as a result, the
available memory bandwidth can be fully utilized. Thus,
the choice of a one- or two-dimensional scheme is very
depenjént on how cells and memories will be imple-
mented.
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= B Combinations

» Systolic arrays can
be chained together
to form powerful
systems

* This sYstoIic array is
capable of producing
on-the-fly least-
squares fit to all the
data that has arrived
up to any given
moment

X34 Yo

X33 X24 Y1

GIVEN AN n x p MATRIX X WITH

X30  Xo3  Xi4 n = p, AND AN n-VECTOR y,

X31 X2 X43

AR
bob

DETERMINE A p-VECTOR b SUCH THAT
ly — xb Il IS MINIMIZED.

' STEP 1: ORTHOGONAL
& TRIANGULARIZATION
STEP 2: SOLUTION OF TRIANGULAR
. LINEAR SYSTEM

' atmiat Aiuth 2tuted b AR

| | r=q _r=2. r-=1 A~

l i i r.'IL \

- - >
| r ¥ ¥ ,
- bt

: ‘ e -

| IR -

| .

| |

| i ’

| rd

e e e >~ SYSTOLIC ARRAY FOR
SYSTOLIC ARRAY FOR / 27 SOLVING TRIANGULAR
ORTHOGONAL p LINEAR SYSTEMS
TRIANGULARIZATION N

Figure 12. On-the-fly least-squares solutions using one- and two-

dimensional systolic arrays, with p = 4.
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I B Systolic Array: Advantages & Disadvantages

» Advantages

« Makes multiple uses of each data item -2 reduced need

for fetching/refetching > better use of memory
bandwidth

« High concurrency
« Regular design (both data and control flow)

 Disadvantages
* Not good at exploiting irregular parallelism

 Relatively special purpose - need software, programmer
support to be a general purpose model
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B B Example Systolic Array: The WARP Computer
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* HT Kung, CMU, 1984-1988

* Linear array of 10 cells, each cell a 10 Mflop
programmable processor

 Attached to a general purpose host machine

« HLL and optimizing compiler to program the systolic
array

» Used extensively to accelerate vision and robotics tasks

 An
Im

 An
Im

naratone et al., "Warp Architecture and
nlementation,” ISCA 1986.

naratone et al., “The Warp Computer: Architecture,

nlementation, and Performance,” IEEE TC 1987.
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B The WARP Computer

C P »
AT
Tase PEKING UNIVERSITY

Adr

INTERFACE
UNIT

WARP PROCESSOR ARRAY

Figure 1: Warp system overview

2% : "warp machine” 2F KR : Rmil/RIE
https://www.bilibili.com/video/BV1eg41167fo
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https://www.bilibili.com/video/BV1eg41167fo

B B The WARP Cell

XQ - — ——
512 x 32 i
YO rd
512 x 32
AReg L nd44
Il x 32 P>
Data ) ;lu,,\l'r
Mem g;gss ] Mem
317K x 32 > 2k x 32
‘L Y1 F
3> MReg > Mpy
3 31 x 32 P 1
<Literal> N
%—
W
A
| Address | AGU
= Cross
MID Bar =
> ’
512 x 32

Figure 2: Warp cell data path
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B B An Example Modern Systolic Array: TPU (I) NEITES

]];II = = R
5 M =~ | i

v
i Lo
] i Partial Sums
Ll ETETERE
oyl S DDDEEDE @ 1 l 7 | . | )_| —> Done

Figure 3. TPU Printed Circuit Board. It can be inserted in the slot ~ Figure 4. Systolic data flow of the Matrix Multiply Unit. Software
for an SATA disk 1n a server, but the card uses PCle Gen3 x16. has the illusion that each 256B input 1s read at once, and they instantly
update one location of each of 256 accumulator RAMs.

Jouppi et al., “In-Datacenter Performance Analysis of a Tensor Processing Unit’, ISCA 2017.
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mm An Example Modern Systolic Array: TPU (1)
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As reading a large SRAM uses much more power than arithmetic, the matrix unit uses systolic execution to save energy
by reducing reads and writes of the Unified Buffer [Kun80|[Ram91][Ovt15b]. Figure 4 shows that data flows in from the left,
and the weights are loaded from the top. A given 256-element multiply-accumulate operation moves through the matrix as a
diagonal wavefront. The weights are preloaded, and take effect with the advancing wave alongside the first data of a new
block. Control and data are pipelined to give the illusion that the 256 inputs are read at once, and that they instantly update
one location of each of 256 accumulators. From a correctness perspective,koftware 1s unaware of the systolic nature of thel

Imatrix unit,lbut for performance, it does worry about the latency of the unit.

B

Software are very important!

|
|
'

Partial Sums

EE

I

> R

> >

—> Done

] ]

Jouppi et al., “In-Datacenter Performance Analysis of a Tensor Processing Unit’, ISCA 2017.
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B B Recall: Example 2D Systolic Array Computation ANEF T
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« Multiply two 3x3 matrices (inputs)
» Keep the final result in PE accumulators

Coo Co1 Co2 app Qo1 Qo2 boo  bo1  bo2
clo €11 Ci2| = |aw ann ap| x |big bix b2 mel 2 | b b1 bo>

Con C21  C22 asp 21 A22 baog D21 2o

1 blO bOl 0
N
1 el [T
TIME
M—> R —> P T l l l
4 3 2 1 0
l 0 0 do2 do1 dopo —>  — I S—
Figure 1: A systolic array processing element l l l
0 an an ai 0 S — SN
a2 dzi d2o 0 0 —— —> —>
R=R+ M*N



B An Example Modern Systolic Array: TPU (lll)

) — DDR3 DRAM Chips

1/ 30 GiBls %0 GiB)
14 SiEis DDR3 s Weight FIFO
Interfaces ‘:> (Weight Fetcher) |
- G 30 GlBIs
© )
o Unified 167 || | Matrix Multiply
g€ @ 10 GiB/s Buffer Systolic |GiB/s|| [~ [Unit
14GiBis |8 8| 14 GiBis| 8 acil Data (64K per cycle)
o c t s | |
4 : >lo ™ <:> o Activation Setup [ [ [ ]
= = Storage) :
8
* \ J [ Accumulators ]
1 [ Activation ]
% 167 GiBJs
S — [ Normalize / Pool ]
[] off-chiplio |
D Data Buffer
|:| Computation _ _
. Control
Not to Scale

Figure 1. TPU Block Diagram. The main computation part is the
yellow Matrix Multiply unit in the upper right hand corner. Its inputs
are the blue Weight FIFO and the blue Unified Buffer (UB) and its
output 1s the blue Accumulators (Acc). The yellow Activation Unit

performs the nonlinear functions on the Acc, which go to the UB.
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BB An Example Modern Systolic Array: TPU2

https://www.nextplatform.com/2017/05/17 /first-depth-look-googles-new-second-generation-tpu/
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4 TPU chips
vs 1 chip in TPU1

High Bandwidth Memory
vs DDR3

Floating point operations
vs FP16

45 TFLOPS per chip
vs 23 TOPS

Designed for training
and inference
vs only inference



An Example Modern Systolic Array: TPU3

a8

Core Core Core
scalar/ vector scalar/ vector scalar/
units units vector units
[ [ [ [ [ ] oooooooo EIERE IDEEDEDEE
HEM 1 o [ [ [ [ | 0ooo0ooo HBM SENEE | S EEEEEEE
aGB [ [ [ [ [ DEEEEEEE| > scB CEERNE 0EEDE6E
oooooooo Oooooooo IHEED IREEEEEE
OO0oooooo Dooooooo AFENE IEREEED®E
[ [ [ [ [ [ [ [ [ [ [ EEEER §EEEEE
Oooooooo 0oooo0ooo EEEEE | I EEEEEEE
0OOoO00ooo i o o [ [ [ [ EERNE IREHEDDDDE
MXU MXU MXU MXU MXU MXU
128x128 128x128 128x128 128x128 128x128 128x128

TPU v2 - 4 chips, 2 cores per chip

32GB HBM per chip
vs 16GB HBM in TPU2

TPU v3 - 4 chips, 2 cores per chip

4 Matrix Units per chip
vs 2 Matrix Units in TPU2

https://cloud.google.com/tpu/docs/system-architecture
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90 TFLOPS per chip
vs 45 TFLOPS in TPU2
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B B Cerebras’s Wafer Scale Engine (2019)
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= The largest ML
accelerator chip

= 400,000 cores

i e
T TAIWAN 7234¢
PFBYS2.M00 " &1

GVI00-B35-A1

Cerebras WSE Largest GPU
1.2 Trillion transistors 21.1 Billion transistors
46,225 mm? 815 mm?

. . NVIDIA TITAN V .
https://www.anandtech.com/show/14758/hot-chips-31-live-blogs-cerebras-wafer-scale-deep-learning

https://www.cerebras.net/cerebras—wafer—scaIe—engine—why—we—need—t;Ll%—chips—fo r-deep-learning/
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B B Cerebras’s Wafer Scale Engine-2 (2021)

A = The largest ML
accelerator chip

= 850,000 cores

Cerebras WSE-2 Largest GPU
2.6 Trillion transistors 54.2 Billion transistors
46,225 mm? 826 mm?

. . NVIDIA Ampere GA100 .
https://www.anandtech.com/show/14758/hot-chips-31-live-blogs-cere bras-wafer-scale-dee p-learning

https://www.cerebras.net/cerebras—wafer—scaIe—engine—why—we—need—t;%—chips—fo r-deep-learning/
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B B SambaNova SN50 RDU (2026)
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864 PCUs and PMUs
PCU: Compute unit
PMU: Memory unit

S: Mesh switches
AGCU: Portal to off-chip
memory and 1/0

= [ astoion | =E HBM Bandwidth Utilization # Model Bandwidth Utilization (MBU)

MBU

Fig{h{E110{25Ethlidea

fraction of peak HBM bandwidth used for weights and KV caches

HBM bandwidth/chip x MBU x number of chips

tokens/s

parameter bytes + KV-cache bytes/token
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e SUMmMary
 Systolic Array
« Improvement of Programmability for Systolic Arrays
 Latest Al Chips with Systolic Arrays
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