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Deep Convolutional Neural Networks

. Output fmaps (O) Input fmaps (1)
» Convolutions account for more than Biases (B) Filter weights (W)
90% of overall computation, dominating Voisaen
. . 0O = Activation(B Iin|k||{Uz +1||U | x Wim||k|lz]|7]),
Source: Sze, MIT
Feature Feature Feature  Feature Feature Feature
maps maps maps maps maps maps
8x8x16 8x8x16 TxTx16  5x5x16  5x5x16  4x4x16 256
Feature Feature Feature .
maps maps maps
Tuput 11x11x8 11x11x8 10x10x8 10 10
Patch Wl )
13x13
Flatten
Convolution Batch Max Convolution Batch Max Convolution  Batch Max Full Batch Soft-
ReLU Norm. Pooling ReLU Norm. Pooling ReLU Norm. Pooling  Conn. Norm. max

>

Source: Hailong Li, et al. 2019



Convolutions are Dot-Products

* Flatten window of interest into 1-D dot product

CIDI|E alp | = |A|B|F|GC a

H{1]J]| |clo °

C

K |_ M N O Filter 5
PIQ|R|S|T

011=A'a+B'b+F'C+G'd

Input Feature Map Multiply A ccumulate Operations



Toeplitz Matrix

 Convert the input matrix to
a Toeplitz Matrix to enable a
matrix multiplication for the
entire convolutional layer

(instead of 3x3)

A | B
4x4 ifmap B | C
D | E
E | F

O O O |Q

al|lb B . 12
cld| I
Filter Output fmap




Toeplitz Matrix — Multiple Input Channels

AlB|C 9 la|b|_ [ §¥
D|E|F c | d 21 22
G| H | Output fmap

Input channel 1  Input channel 2

PR 12 21 22




Toeplitz Matrix - Filter 1 Filter 2

MU"iple |npU1' Clnd . q 4 No’rek’rho’r several sof’[r\;]vore N
OU'I'pU'I' Chdnnels cgnversi%ns, e.g. OppenBLAS,
b Intel MKL for CPU and
\_ CcUBLAS, cuDNN for GPU )
C
A B D F d Output channel 1
BIC|E|F o = 12 21 22
DI E|G|H 5 N 12 21 22
F F H | - Output channel 2
Input channel 1 Input channel 2
d




Computational
Transforms

Computational Transtorms
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Computational Transforms

 Multiplications are an expensive operation
 Much more expensive than addition
* Several computational transforms are commonly
applied to reduce the number of multiplications:

« Fast Fourier Transform
* Winograd's Algorithm
« Strasen’s Algorithm



Fast Fourier Transform (FFT)

 Convolution can be computed using FFT [Mathieu et al., 2014]:
T{a i) D'}-{“J(;t j] )

Y(s,) = D Tlsi) ¥ W(ii) = ) F

icf e f
 Convert filter and input to

frequency domain to make i
convolution a simple multiply !

then convert back to space domain.

filter (weights)

* Reduces multiplication complexity
+ O(N,AN) to O(N2log,N,)

FFT(W)

11

input fmap

FET(I)

output fmap

an output

—=| activation

FFT(O)




Fast Fourier Transform (FFT)

input fmap output fmap
filter (weights) —— _ : :gt;:\’ll:t?:ltl
» Benefits o i -
 Reduced complexity. B > ;
* The larger the convolution kernel, E Er E
the better the performance « )
FFT(W) FET(l) = FFT(O)
* However
 Filter sizes are often small...
iCi i EET Optimizat tuniti A
« Coefficients in the frequency plimiZzation opportunities
domain are complex * FFT of real matrix is symmetric

» save Y2 the computes

« Difficult to exploit sparsit :
P P 4 * Filters can be pre-computed and stored

* FFT often reduces computation, « But filter in frequency domain is large
but requires much more memory | « Reuse FFT of input fmaps for creating
space and bandwidth. different output channels

< Accumulate across channels before IFFT .
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Algorithmic Optimizations

» Winograd'’s and Strassen’s Algorithms are algorithmic optimizations.
* As a simple example, take Gauss’s Multiplication Algorithm

(a + bi) (c + di) = (ac + bd)+(bc + ad)i

Y

4 Multiplications
3 additions

kl — C(a + b)

_ Real Part= k; — k;
ky = a(d = c) Imaginary Part= k, + k
ks = b(c + d) ey 1T
N J - J

N Y

3 Multiplications 2 additions
3 additions




A B C
Strassen’s Algorithm —— —— ———~——

 Reduces the complexity of matrix alb|e|f ae+bg | af+bh

muItipIic?tion from Q(N3) to O(N2807) cld| glh cet+dg | cf+dh
by reducing multiplications - -

~
8 Multiplications+4 additions

b2 = aa gy PE=(@+d)e +h) P5+P4-P2+P6 P1+P2

Pa;gm))e Po=(b-dxg*h C=

Pa=dig-e) o e P3+P4 P1+P5-P3-P7
- J

. . . Y
Comes at the price of reduced numerical 7 Multiplications + 18 additions

stability and requires significantly or 7 Multiplications + 13 additions
more memory (for constant B matrix)

14
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Winograd 1D - F(2,3)

input filter

. Tarqeti . : . . F(2,3) = Efi j; jﬂ F?] — i ﬂ
geting convolutions instead of matrix multiply g2
« Notation: F(size of output, filter size) © mulpications + & acditions
input ﬁ_lte_r
» Applied to blocks of the input. (2, 3) Ef j; jﬂ 0| — [E; i, Eﬂ
Efficiency depends on filter 92

and block size.
go + g1 + g2
m) = (do - dz)gﬂ 2

M4:(dl—d3)92 mgz(d2_d1)gﬂ_gl+92
2

ma = (d; + ds)

4 multiplications + 12 additions + 2 shifts
4 multiplications + 8 additions (for constant weights)

[Lavin et al., CVPR 2016]



Winograd 2D - F(2x2, 3x3)

Filter Input Fmap Output Fmap
* 1D Winograd IS nested 90 | 901 | 902 | % | oo |00 |doaldos] = | Yoo | vor
to make 2D Wlnograd 10 | 911 | 912 d1[} d11 d12 d13 Yio | Y11
920 | 921 | 922 dyo | d2q | d2z | da3
dS[} d3’1 d32 d33
* Winograd is an optimized
computation for convolutions  Original: 36 multiplications
Winograd: 16 multiplications - 2.25 times reduction

* It can significantly reduce multiplies
« For example, for 3x3 filter by 2.25X
* But, each filter size (and output size) is a different computation.



Accelerator
Architectures

Accelerator Architectures
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Memory Access Bottleneck

- How is a MAC calculated? ~ MemeryRead — MAC Memory Write

- Read the fmap activation filter weight —%
: : fmap activation |
« Read the filter weight partial sum L+ updated partial sum

» Multiply the activation and the weight

* Read the partial sum

« Add the multiplication product to the sum
 Store the updated partial sum

* Therefore, each MAC requires four memory accesses!
« For example, AlexNet requires nearly 3 Billion memory accesses per inference

 In the worst case, each memory access is to DRAM

« DRAM accesses are much slower and much
higher energy consumers than computation.

18
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Leverage Local Memory for Data Reuse

Memory Read.  MAC  Memory Write

Extra levels of local memory hierarchy
Smaller, but Faster and more Energy-Efficient




20

Leverage Parallelism for Higher Performance

Memory Read MAC Memory Write

DRAM

Source: Sze, MIT
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Highly-Parallel Compute Paradigms

Temporal Architecture
(SIMD/SIMT)

Memory Hierarchy

Register File

AW | | Aw | | Aw | | Aw

HE U A

A | |Aau]| | Aau]| | Aw

I I 11 R U}

AW | | Aw | | Aw | | Aw

b i 1

AW | | Aw | | Aw | | Aw

Spatial Architecture
(Dataflow Processing)

Memory Hierarchy




Temporal Architectures Temporal Architecture

(SIMD/SIMT)
* Mostly in CPUs and GPUs

* Improve parallelism through vectors (SIMD) or
parallel threads (SIMT)

* Centralized control for a large number of ALUs

« Each ALU can fetch from the memory hierarchy U ] | |
- ALUs cannot communicate directly AW | | AW | ﬁ ﬁ

Memory Hierarchy

Register File

. . ALU ALU ALU ALU
» Computational transformations on the kernel can | | |
reduce the number of multiplications to increase [aw ] aw] [Aw] [Aw ]

throughput

22
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Spatial Architectures

* Used in ASIC and FPGA designs

* Use dataflow processing
 The ALUs form a processing chain
that passes data between them

« Each ALU can have its own
control logic and regfile/
scratchpad memory

« Each ALU+local memory
= Processing Engine (PE)

o

Global Buffer (100s — 1000s kB)

ol i oy o

» Global Buffer to PE

[ALU }{ ALU }-{ ALU }-{ ALU * PEtOPE
[ALU | l [ALU | l |ALU | l |ALU | :
Processing
+++ _ Element (PE)
i

[ ALU | l |ALU | l [ ALU |

| ALU | | ALU |

i Reg File 1-10kB
MY Control

e Can increase data reuse from low cost memories

to reduce energy consumption

On-Chip Network (NoC)



Multi-Level Low-Cost Data Access

* To reduce the energy cost of data movement,

accelerators with spatial architectures can be used:

« Large global buffer (100s kB) connecting to DRAM

 |Inter PE network to pass data between ALUs

* Local register file within PE (fEW kB) 1s - 10s kB ;{3
» Data from RF or neighbor PE NoC: 100s - 1000s PEs [PE ALY
lower energy than DRAM access  100s-1000s kB

« DRAM x10° storage, DRAM
x10? energy than on-chip memory

ALU

ALU

Normalized Enerqy Cost’

* Therefore, try to reuse
data fetched from DRAM

24

1x (Reference)
1x

fetch data to run
a MAC here
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Data Reuse Opportunities in

Convolutional Reuse

CONV layers only
(sliding window)

Input Fmap

Filter

Reuse:

Activations
Filter weights

Fmap Reuse
CONV and FC layers

Filters

éilnput Fmap
T

. . //
.‘"““" &

Reuse: Activations

DNNSs

Filter Reuse

CONV and FC layers
(batch size > 1)

Input Fmaps

Reuse: Filter weights

Source: Sze, MIT



Dataflow

Taxonomy

Dataflow Taxonomy

Q:’&e'llence
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Dataflow Taxonomy Weigh

Buffer { ___________

* In order to manipulate data reuse in a
Spatial Architecture, recently proposed
dataflows can be categorized as follows:

Weight Stationary (WS)

e Output Stationary (OS)

 |nput Stationary (1S) Outpu;uAft;;i:fation .

 Row Stationary (RS) L1 ]
* And no-local reuse (NLR) Single PE Setup

* The following section will overview these dataflow types



Weight Stationary (WS) Dataflow

 Minimize energy of reading weights.
 Maximizes convolutional reuse and filter reuse of weights
 Weights are read into the RF of each PE and kept there

* Run as many MACs that use the same weight while it is in the RF
 Broadcast Input fmaps (activations) to all PEs
* Accumulate Partial sums spatially across the PE array

Global Buffer




WS Example: nn-X (NeuFlow)

A 3x3 2D Convolution Engine

activations

~

2D CONV |

“r 0

[W-K] delays
A

AHA}-{Alimen

operations in ALU we Ig ht

" | Data stream from / |W-K] delays

i to memory R o Oy
linem - ~ A [{ A} A fline m+1
Kernel loaded
from CPU

[Farabet et al., ICCV 2009]




WS Example: NVDLA (simplified)

Headless NVDLA core

W Configuration interface block PE Array: M X C MACS
¥

» Convolution buffer | » Convolution cong

Different Output Channels

v input fmap ¢ >
- » Activation engine (SDP)
DBB interface -
’ » Pooling engine (PDP) Different
Memory T
interface block v z Input
- » Local resp. norm (CDP) m m m m Channels
) § oo = = A A% X
Second DBB T a
irterface (oplional) g . o
- - eshape (RUBIK) Wei
eights v
- . Bridge DMA,

http://nvdla.org output fmap / psum

Image Source: Nvidia

B i



WS Data Reuse

» Keep current weights in register
* Cycle through input and output fmaps
* Accumulate partial sums

I | II

Al B |C|LH "
D| E| F [F

G| H| | [F
Input fmaps

Filters

D In Register

.
5-

| Partial Sum

of 1]

12
22

Output fmaps




WS Data Reuse

» Keep current weights in register
* Cycle through input and output fmaps
* Accumulate partial sums

D| E | F |F
G| H| | [F
Input fmaps

—
A-C_— "

Filters

-

In Register

Partial Sum

Output fmaps



WS Data Reuse |:_| In Register

| Partial Sum
* Keep current weights in register T — - -
* Cycle through input and output fmaps al|b |-
* Accumulate partial sums c|d|kL
— T —T O ' '] L2
O -
Alsley, 8 _LiZg
D|E| F |- —r 21422\
G H | d b LT Output fmaps
, _ c|d|}F
nput fmaps

Filters

B 3




WS Data Reuse

» Keep current weights in register
* Cycle through input and output fmaps
* Accumulate partial sums

[ l [ l [ l

A|lB|CLF "
D|E| F [F

G|H| | |-
Input fmaps

Filters

-

In Register

Partial Sum
1of4

Output fmaps




WS Data Reuse

» Keep current weights in register
* Cycle through input and output fmaps
* Accumulate partial sums

[ ' - | '
AlB|C|H "
Load New DI E|F |
Weights I
G| H| | [F
Input fmaps

Filters

D In Register

1 | Partial Sum
== 20f4

o1 11i]2
11{12]b2
— —O—

21|22

Output fmaps




WS Data Reuse

» Keep current weights in register
* Cycle through input and output fmaps
* Accumulate partial sums

A|lB|C

DI E | F |

G| H| | [F
Input fmaps

B o 3

c | d
O
O
O

alb

c | d

Filters

D In Register

| Partial Sum
20f4

Output fmaps



In these

Weight Stationary — Reference Pattern | 55°

R=4

int I[H]; // Input activations
int W[R]; // Filter weights
int O[E]; // Output activations

for (e = 0; e < E; e++)
'For" (r‘ = @; r < R; r‘++) Reference for Output References for Input
O[e] += I[e+r] * W[r];

Single weight is
reused many times
R weight reads

|

T

Pl
=]

ed dow O g
O O 5 g g f
Suteut read Sliding Window -
A 3 | over R Inputs 8
@ [J 194 =20z essssssss

E*R input reads

=
i
i

=
=]

: psu:ms " activations Weights

0 5 w 5 2 2% W I D 5 W 15 20 Iz W K 0 5 10 15 20 2% 3 35
Cycle Cycle Cycle
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Ovutput Stationary (OS) Dataflow

 Minimize the energy of reading and writing partial sums.
 Maximize local accumulation of ofmaps Partial sums.
* Broadcast filter weights to all PEs

 Stream ifmaps (activations) across the PE array for reuse

Global Buffer




OS Example: ShiDianNao

Top-Level Architecture PE Architecture
weights activations
S e T ? - Neuron PECion) PEotam
| Decoder Inst. PE: =
' | NBin: l "N - €9 % E’*
@ § [ Bankwo lv.||=u:l } gperanddy
: S L : * :
BT - EE-E T
. E (Column) - ; i :F :_..:
ek Emr . [EIER|E G
: : O upxepy . . . ' el =l
it A SIELED
" .-*En _— Kernel . !
S Px*Py ALU
Output ¥

E output
psums [Du et al., ISCA 20135]

FIFO output y

B
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Variants of Output Stationary

Parallel
Output Region

# Output Channels

# Output Activations

Notes

0S, 0Sg

-------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Single Multiple Multiple
Multiple Multiple Single
Targeting Targeting
CONV layers FC layers



OS Data Reuse

» Keep current partial sums in register
* Cycle through input fmaps and weights
 Local accumulation of partial sums

I | II

Al B |C|LH "
D| E| F [F

G| H| | [F
Input fmaps

Filters

D In Register

.
5-

| Partial Sum
1of4

of 1]

12
22

Output fmaps
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OS Data Reuse

» Keep current partial sums in register
* Cycle through input fmaps and weights
 Local accumulation of partial sums

I Tr

Al B|CLF
DI E|F -
G| H| I |

Input fmaps

a
c | d
O
O
O
al|b
c | d

Filters

D In Register

1 | Partial Sum
== 20f4

ol 1]

11112
21|22

Output fmaps
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OS Data Reuse

» Keep current partial sums in register |

* Cycle through input fmaps and weights a|b
 Local accumulation of partial sums cld
C C C 8
Al B |C |- o ®
D|E|F |- —
a|b
G| H| I [
| C | d
nput fmaps

Filters

D In Register

| Partial Sum

3o0of4

ol 1]

.

5-

12
22

Output fmaps
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OS Data Reuse

» Keep current partial sums in register
* Cycle through input fmaps and weights
 Local accumulation of partial sums

I I I I I I

Al B |C|LH "

D| E| F [F

G| H| | [F
Input fmaps

alb
c| d
O
O
O
alb
c | d

Filters

11112
21122 |
Output fmaps
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OS Data Reuse |:_| in Register

1 | Partial Sum
* Keep current partial sums in register T — == lof4
* Cycle through input fmaps and weights al|b |k
* Local accumulation of partial sums c|d|kE
—— —
| [ [ 8
Al B|CI|H " O -
D|E|F |- C—
G H | a b LI Output fmaps
T ) cl|dlL New Partial
Filters Sum



OS Data Reuse |:_| in Register

_ _ _ I 1 | Partial Sum
* Keep current partial sums in register == 20f4

* Cycle through input fmaps and weights Q
 Local accumulation of partial sums C

|A B * §
F

D | E is
alb Output fmaps
G| H || |F
| c | d
nput fmaps

Filters



Ovutput Stationary — Reference Pattern

int I[H]; // Input activations
int W[R]; // Filter weights
int O[E]; // Output activations

for (e = 0; e < E; e++)
for (r = 0; r < R; r++)
O[e] += I[e+r] * W[r];

tput

Outputs

f Single output is
reused many times

0 output reads

\_E output writes

erence Index

References for Input

Inputs

10

4 - L -

25

In these
plofs:
H=12
R=4
E=9

References for Weight

. Weights ﬁ

1

0

3 4 sese
2 4

Sliding Window

of Inputs
E*R input reads

0 5 0 15 20 25

Reference Index

All weights reused

repeatedly (in order)
E*R weight reads




Input Stationary (IS) Dataflow

 Minimize activation read energy consumption
 maximize convolutional and fmap reuse of activations
* Unicast weights and accumulate psums spatially across the PE array.

Global Buffer

. Psum
A Y *r""'i ] r""'i I *r""'i ] *r""'i I *r""'i I
tl-'. 0 tl-'. W ':l-'. | ':l-'. W ':l-'. W .:I-‘ I

PE

48



IS Example: Sparse CNN (SCNN)

 Used for sparse CNNs

« Sparse CNN is where many weights are zeros
 Activations also have sparsity from RelLU

OARAM
(sparse)
indices

7 Coordinate F*I
,': Computation 4
Weight FIFO . -
bl 7 ® o ® ﬁ @ Buffer bank
indices - e PPU:
. F'l | ® . Halos
H 7 = : RelLU
IARAM ﬂ Compress
A I <
(sparse) A ® ® :TI_ @ Buffer bank I
indices — - _
4x4 multiplier array A accumulator buffers Neighbors

[Parashar et al., ISCA 2017]



In these plots:

Input Stationary - Reference Pattern [

int I[H]; // Input activations =7
1nt W[R]‘; // Filter WEightS References for Output lnpUTS Used References for Weight
int O[E]; // Output activations : repeatedly
L] L] L] L] Einpu‘l‘requ L] 30 4 & Wy & & & & & @
for (h = 0; h < H; h++) - "
for (r = 0; r < R; r++) e 25 |
O[h-r] += I[h] * W[r]; -
3.
— - ._.“}- ® s fojfe & » » & @
3 g z
: E - :
Sliding Window ; - -
of outputs £ 4 o-e : H
E*R output reads , :
E*R outgut T Fixed window of
2 R weigths ~—
E*R weight reads
psums 01 s activations | o« - .« ./ -+ Weights
0 10 20 o 4 0 10 2 0 0 0 10 2 1 )

Cycle Cycle Cycle




Minimum Costs

MACs E'R

E'R E*R E*R

Weight Reads E*R R E'R
Input Reads E'R E'R E
Output Reads 0 E'R E*R

m o m A

Output Writes E E*R E*'R
Assume: W ~=E

Source: Sze, MIT




Row Stationary (RS) Dataflow i - B -
« Maximize reuse and accumulation at the RF level for o =y |
all types of data (weights, activations, partial sums) ind
* Process a 1-D row convolution in each PE N ui
- Filter weights kept stationary inside the PE ; - B
* ifmaps streamed into the PE == =
* PE does MAC for each sliding window at a time Hmﬁ_ﬂ—uu—u
—>one memory space for partial sum accumulation
» No ifmap overlap between different sliding windows Y
* Input activations kept in RF and reused . - B
« 1-D convolution goes through all sliding windows in the row e e
* Multiple PEs complete a 2-D convolution r.,__.@é—w

52




1D Row Convolution in PE

f gl hili

K| | |m|n
e1qa | r|s
U|lV |W]|X

53

X

Filter

dle | f

9

dle | f

9

-

-l

Maximize row
convolutional reuse

Maximize row psum
accumulation in RF

~

)

Partial Sums

Reg File




2D Convolution in PE Array

ofmap Row 1

t

PE]

ifmap Row 1

Filter Row 1

ofmap Row 2

t

PE4

ofmap Row 3

t

PE7

ifmap Row 2

Filter Row 1

PE2

ifmap Row 3

Filtfer Row 1

ifmap Row 2

Filter Row 2

PES

PE8

ifmap Row 3

Filter Row 2

PE3

ifmap Row 4

Filter Row 2

ifmap Row 3

Filter Row 3

PE6

PE9

ifmap Row 4

Filter Row 3

ifmap Row &

Filter Row 3




Convolutional Reuse Maximized

ofmop Row 1 ofmap Row 2
PE4 PE7

'
7 |0 | L i ) |

M-mjwﬂ- PES
w4 imepfeow 3| | Bierfomot—Timapleow 4|} fier fow2 |

_ Aw —t
|| I.N ifmap Row 4 . I. ifmap Row 5 I Filter Row 3 I

ofmap Row 3

~

* Filter rows are reused across PEs horlzontally
 Fmap rows are reused across PEs diagonally
 Partial sums accumulate across PEs vertically

- J
Yy A




56

No Local Reuse (NLR) Dataflow

« Small RFs are energy efficient (pJ/b), but area inefficient (um?/b)
* NLR maximizes storage capacity to minimize off-chip memory bandwidth

* All area is allocated to the global buffer.
* Nothing stationary inside PE > increased traffic on-chip.

« Multicast activations
 Single-cast filter weights

« Spatially accumulate
partial sums

Global Buffer

1
D

Weight " _LT —
Pixel S i
XD

XD

3134

2o [P e || @0 |oe

2 o
XD XD
Psum

No Local
Reuse
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NLR Example: DianNao

| v

< | -~* Control Processor (CP)
nst. :

" u E g ~————— |nstructions

S0k alu| Aowayy

3 |

-

i
:
L3

i

o

Tl

e

[
(A0 2N
1 S = "';' ks

\l
44
74

o Sty vty 9

Source: Chen, et al. 2014
© Adam Teman, 2020
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