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Aspects of Mapping

Partitioning

— Goal: Create chunks of data to enable control over temporal reuse in hierarchy of buffers and spatially for
use by multiple processors

— Impact on loop nest: Partition ranks add loops in the loop nest = each loop controls use (and reuse) of
elements of the tensor in buffers or spatially

A = Ajq 0

Vector A partitioned
i1=0 i1=1 i1=3

i0=0 i0=1 i0=2 i0=3 i0=0 i0=1 i0=2 i0=3 i0=0 i0=1 i0=2 i0=3 i0=0 i0=1 i0=2 i0=3
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Aspects of Mapping

Dataflow

— Goal: Increase reuse for given data type (e.g., weight, input, output) by increasing stationarity. Align
traversal order with storage order for concordant traversal (improves spatial locality); (this class!)

— Impact on loop nest: Sets the order of the for loops. Data type whose ranks are the outer loops is the
most stationary

Dataplacement

— Goal: Control placement of data in specific buffers to reduce data movement (including bypass)

— Impact on loop nest: Augment information in the loop nest to show where data is held
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Aspects of Mapping

« Compute Placement (parallel or temporal loop)

— Goal: Reduce cycles by processing multiple MACs in parallel

* May also impact spatial data reuse (if same data reused across parallel MACs)

— Impact on loop nest: Parallelism is indicated the use of a parallel_forloop (spatial partitioning)

* Partition Sizing

— Goal: Determine the exact amounts of data to be processed both temporarily and spatially

— Impact on loop nest: Sets the limits on the loop nests
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Goals of Today’s Lecture

* Impact of data movement and memory hierarchy on energy
consumption

« Taxonomy of dataflows for CNNs
— Output Stationary

— Weight Stationary
— Input Stationary
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Background Reading

e DNN Accelerators

— Efficient Processing of Deep Neural Networks

» Chapter 5 —thru 5.7.1
 Chapter5-5.8

All these books and their online/e-book versions are available through
MIT libraries.
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Dataflow and Memory
Hierarchy
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1-D Convolution Einsum

Oq = lg4s X I

Operational definition of Einsums says traverse all

11 7

valid values of “q” and “s.

Note how for a given value of g the | tensor will vary
over a window of size S.

How much data needs to be o
moved to/from a single MAC unit 47Q7S
to perform this computation?
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Memory Access is the Bottleneck

Memory Read

MAC’

Memory Write

filter weight

fmap activation

ALU

partial sum

—-—' updated partial sum

* multiply-and-accumulate
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Memory Access is the Bottleneck

Memory Read MAC’ Memory Write

ALU

;\I,

* multiply-and-accumulate

Worst Case: all memory R/\WW are DRAM accesses

« Example:  AlexNet [NeurlPs 2012] has 724M MACs
- 2896M DRAM accesses required
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

ALU

Extra levels of local memory hierarchy

Under what circumstances will these extra levels help?

Computational intensity > 1

Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

a ALU

DRAM e Mem

Extra levels of local memory hierarchy

Opportunities: @) data reuse

Sze and Emer
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Types of Data Reuse in DNN

Convolutional Reuse

CONYV layers only
(sliding window)

Reuse: Activations
" Filter weights

Sze and Emer
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Types of Data Reuse in DNN

Convolutional Reuse Fmap Reuse

CONV layers only CONV and FC layers
(sliding window)

Filters
Input Fmap
(- :
=
Activations o
Reuse: Reuse: Activations

Filter weights

L Sze and Emer
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Types of Data Reuse in DNN

Convolutional Reuse Fmap Reuse Filter Reuse
CONV layers only CONV and FC layers CONV and FC layers
(sliding window) (batch size > 1)
Input Fmaps
Filters a
InPut Fmap Filter
EE’ g
Activations L : :
Reuse: Reuse: Activations Reuse: Filter weights

Filter weights
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

a ALU

DRAM e Mem

Extra levels of local memory hierarchy

Opportunities: @) data reuse

0 Can reduce DRAM reads of filter/fmap by up to 500%™
** AlexNet CONV layers

Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

a ALU

Extra levels of local memory hierarchy

Opportunities: @) data reuse @ local accumulation

0 Can reduce DRAM reads of filter/fmap by up to 500x
9 Partial sum accumulation does NOT have to access DRAM

Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

a ALU

DRAM e Mem

Extra levels of local memory hierarchy

Opportunities: @) data reuse @ local accumulation

o Can reduce DRAM reads of filter/fmap by up to 500x
9 Partial sum accumulation does NOT have to access DRAM

« Example: DRAM access in AlexNet can be reduced
from 2896M to 61M (best case)
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Leverage Parallelism for Higher Performance

Memory Read

MAC Memory Write

ALU

ALU

ALU
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Leverage Parallelism for Spatial Data Reuse

Memory Read MAC Memory Write

Sze and Emer
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Spatial Architecture for DNN

Local Memory Hierarchy

* Global Buffer
e Direct inter-PE network
* PE-local memory (RF)

Processing
Element (PE)

0.5-1.0kB

*Note: Register File is also referred to
i as local buffer in Labs Sze and Emer



Low-Cost Local Data Access

Global

Buffer

PE 4 PE

PE l fetch data to run

a MAC here

0.5-1.0kB

NoC: 200 - 1000 PEs | PE

Normalized Energy Cost’

ALU

ALU

ALU

100 - 500 kB [EILC
DR

ALU

ALU

1x (Reference)
1x

* measured from a commercial 65nm process

Sze and Emer
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Low-Cost Local Data Access

How to exploit €)) data reuse and @) local accumulation
with limited low-cost local storage?

0.5-1.0kB

NoC: 200 - 1000 PEs | PE

Normalized Energy Cost’

ALU

ALU

ALU

100 - 500 kB [=1T}i !¢

ALU

ALU

1x (Reference)
1x

* measured from a commercial 65nm process

Sze and Emer
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Low-Cost Local Data Access

How to exploit €)) data reuse and @) local accumulation
with limited low-cost local storage?

specialized processing dataflow required!

0.5-1.0kB

NoC: 200 - 1000 PEs | PE

Normalized Energy Cost’

ALU

ALU

ALU

100 - 500 kB [=1T}i !¢

ALU

ALU

1x (Reference)
1x

* measured from a commercial 65nm process

Sze and Emer
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Dataflow and Dataplacement

« Dataflow controls order of processing

— Increase reuse/accumulation at low-cost
levels of memory hierarchy

« Dataplacement of partitioned tensors
enables the tensor to fit into different
levels of the memory hierarchy to
increase locality

— e.g., partition to fit global buffer

oo

Global Buffer (100 — 500 kB)

!

Sze and Emer
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How to Map the Dataflow?

CNN Convolution

iacts
weights -

partial
sums

Spatial Architecture
(Dataflow Processing)

Memory Hierarchy

Goal: Increase reuse of input data
(input activations and weights) and
local partial sums accumulation

|I|i|- Sze and Emer
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Dataflow Taxonomy

e Qutput Stationary (OS)
« Weight Stationary (WS)
* Input Stationary (IS)

[Chen, ISCA 2016]

Sze and Emer
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Output Stationary (OS)

Global Buffer

Psum

* Minimize partial sum R/W energy consumption

— maximize local accumulation

« Broadcast/Multicast filter weights and
activations spatially across the PE array

reuse

Sze and Emer
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OS Example: ShiDianNao

Input
Image

Top-Level Architecture PE Architecture
weights activations
"ShiDianNao: Qe - M Kernel Neuron PE(right) PE(bottom)
5 Decoder ‘ Inst BE:
| NBin: l Dl
(I Bank#0 NFU:l operand
N B
| NBout: iy (Comn)
" [>'Bank #0 5 . Px - P
I e arall I
| ['Bank #2py-1 % ] [y e
il 8B @
3 ~ B‘l‘lkE#O ﬁ‘ w . ann .
: Bank #Py-1 g::::zt ALU E
E output FIFO outputy
psums

* Inputs streamed through array
*  Weights broadcast
« Partial sums accumulated in PE and streamed out

[Du, ISCA 2015]
L Sze and Emer



OS Example: KU Leuven
16x16b / 1x16b

Feature SRAM ! ! ]

16 Features . F - 1l T F-T O
* activations
e 16 Weights
16x16b

weights

M
=

[ | M
=

M
==

==
ElEE

[Moons, VLSI 2016], [Moons, /SSCC 2017]
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1-D Convolution Einsum
O = Ig+s X Is

Operational definition of Einsum says traverse all

valid values of “q” and “s”... but in what order....

Traversal order (fastest to slowest): S, Q

Which “for” loop is outermost? Q

Sze and Emer
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1-D Convolution

Weights Inputs Outputs
I11 - ] | =
S w Q = W-5+1
int i[W]; # Input activations
int f[S]; # Filter weights
int o[Q]; # Output activations
RO NG RETE [ O
for s in [@, S):
o[q] += i[g+s]*f[s]
/4
What dataflow is this? Output stationary

Is it easy to tell da
the loop nest?

taflow from

Yes, from outermost loop index

Sze and Emer
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Output Stationary - Animation

int i[W];
int f[S];
int o[Q];

for g in [
for

# Input activations
# Filter weights
# Output activations

0, Q):
in [@, S):
o[g] += i[g+s]*f[s]

Full animation at https://csqg.csail.mit.edu/6.5930/lectures/slidev/I05/#2

Tensor: F[S]

Rank: S
(YIRS
80 G2

Tensor: I[W]

Rank: W

Tensor: 0O[Q]

Rank: Q
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Output Stationary — Spacetime View

Tensor: F[S, T]

Rank: S

Tensor: I[W, T)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Rank: W

Tensor: C[Q, T]

Rank: T

Rank: Q

Note: ‘Rank T’ here just meant time
in cycles, not an actual rank in tensor

Sze and Emer




CONV-layer Einsum

Om,p,q — Ic,p+r,q+s X 'mers

Traversal order (fastest to slowest): S, R, Q, P

Parallel Ranks: C, M

Sze and Emer
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CONYV Layer OS Loop Nest

int i[C][H][W];
int f[M][C]I[R][S];
int o[M][P][Q];

FOrspaing [05% Py
FORq. NS85 Q)
FOrSER TN [®," R)%

# Input activations
# Filter weights
# Output activations

For W& Tnglo %S ).

parallel-for

ot N7 NG I

parallel-for m in [0, M):

o[m][pllq] += i[c][p+r]lq+s]*f[m][c]lr][s]

4

Sze and Emer
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CONYV Layer OS Dataflow

input fmap output fmap

C
filters r

C l .0. .0’
< H T 'MJ
P o
0 U l

<—Q—>

—x—

!
»
|
=

Filter overlay

NNwwl\)l\)woo

i Incomplete partial sum

«—xX0—

= NS

IA " EnN
OTVSTOIOTOZ
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CONYV Layer OS Dataflow

filters

input fmap output fmap

e

'?
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

; input fmap output fmap
filters ” T
% 7 e
3 i 8
2F——-- ' t"
0 U |

3/ Filter overlay
7 ﬂ T
— 2 i 1 Incomplete partial sum
1

|I|i|- Sze and Emer
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

filters

input fmap output fmap
1 e

1

3 —z—

Filter overlay

i 1 Incomplete partial sum
1

|I|i|- Sze and Emer
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

. input fmap output fmap

filters < . -
b4 =1
| 3 | ,8"
2 2 o
/10 |
3/ Filter overlay
T
2 H
|7 S

— 2 i 1 Incomplete partial sum
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

. input fmap output fmap
filters 7 . v
| 3 T ,8"
2 A
0 H l
3/ Filter overlay
7 H S
— 2 i 1 Incomplete partial sum
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CONYV Layer OS Dataflow

Start processing next output feature activations

filters

input fmap output fmap
1| 8{’
3 —z—

Filter overlay

i Incomplete partial sum
1
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

filters

input fmap output fmap
1| 8{’
3 —z—

Filter overlay

i Incomplete partial sum
1
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

input fmap output fmap

3
filters /x

T 3 [
2 2| A
l i :

o ——

0

%

T H

2

]2

i Incomplete partial sum
1

Filter overlay

«— 2 —
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

, 'nput fmap output fmap
filters 2 ;
! 3 T 8
) H 2| —A
/[0 | [

Filter overlay

~ T"

— 2 i 1 Incomplete partial sum
1
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Weight Stationary
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1-D Convolution — Output Stationary

Weights Inputs Outputs
I | = | |
S W Q = W-5+1
int i[W]; # Input activations
Initaf [ ST # Filter weights
int o[Q]; # Output activations No constraints
on loop
ROrSOeing . [O5 ¥ 0y permutations!

C

for s in [@, S):
o[q] += i[g+s]*f[s]

T Assuming: ‘valid’ style convolution
I"lir

Sze and Emer
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1-D Convolution

Weights Inputs Outputs
I = O 1]
S w Q = W-5+1
int i[W]; # Input activations
Initaf [ ST # Filter weights
int o[Q]; # Output activations

RONSSEinE [O5E'S )y
for g in [0, Q):
o[q] += i[g+s]*f[s]

What dataflow is this? Weight stationary

Sze and Emer
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Weight Stationary - Animation

Tensor: F[S]

Rank: S
int i[W]; # Input activations 0 1 2
int f[S]; # Filter weights a7 e

int o[Q]; # Output activations
. Tensor: I[W]
FONNS TN [O5% S ks
fOP in [@) Q): [l )
o[q] += i[g+s]*f[s] g g 2 fall2 2 fe

Tensor: 0[Q]

Rank: Q

Full animation at: https://csqg.csail.mit.edu/6.5930/lectures/slidev/I05/#3
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Tensor:

Rank: S

Tensor:

Rank: W

Tensor:

Rank: Q

E 5 T]

I[W, T]

olg, T]

Weight Stationary - Spacetime

Note: ‘Rank T’ here just meant time
in cycles, not an actual rank in tensor

Sze and Emer
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Weight Stationary (WS)

Global Buffer

£ e

SR

* Minimize weight read energy consumption
— maximize convolutional and filter reuse of weights

Weight

 Broadcast activations and accumulate psums
spatially across the PE array.

Weights are in the outer loop

Sze and Emer

53



1-D Convolution Einsum + WS
Serial WS design

Einsum: Oy = lg4s X I

Traversal order (fastest to slowest): Q, S

WS design for parallel weights

Einsum: Oy = lg4s X I
Parallel Ranks: S
Traversal order (fastest to slowest): Q

Sze and Emer
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Parallel Weight Stationary - Animation

Note: Different colored highlights

Tensor: F[S]

are different parallel PEs S
int i[W]; # Input activations S
int f[S]; # Filter weights ol
int o[Q]; # Output activations

Tensor: I[W]

parallel for s in [0, S): Rank: W

for in [0, Q) 0 1 2 3 4 5 6 7

O[]+=i[+]*'F[] . 2 &% 1|8 '2 |4 g3

Tensor: 0[Q]

- All weights used

- Activations are multicast to all PEs

- Multiple outputs are worked on and then they move to
the next PE % 2 8 B 4

Rank: Q

Full animation athttps://csg.csail.mit.edu/6.5930/lectures/slidev/I05/#4

|I|i|- Sze and Emer



WS Example: nn-X (NeuFlow)

A 3x3 2D Convolution Engine
activations
lnput daa: 3

Internal storage

operations in ALU

Data stream from / ~ < . [W-K] delays
i | to memory ‘ o —

Kernel loaded
from CPU

“Convolved
/ dataty=2z

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

. Input data: y : . Output data
psums

[Farabet et al., ICCV 2009] Sze and Emer
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WS Example: NVDLA (simplified)

Global Buffer Released Sept 29, 2017

Headless NVDLA core

Y] Cenfiguration interface block

irterface PE Arra
" t/ y
» Convolution buffer  » Convolution core M x C MACs:
v The number of input and output
L »| Activation engine (SDP) channgls must mgtch array,
otherwise MACs idle
-+
BB rierface v Range:
« » Pooling engine (PDP) e C (16 to 128)
Memory .
interface block X M (4 to 16)
-« » Local resp. norm (CDP)
*Note: In this class we use M
Rwaca (ot for number of kernels (filters),
3 R e (L while NVDLA uses K
- > Bridge DMA

http://nvdla.org

Image Source: Nvidia
UHn Sze and Emer



WS Example: NVDLA

« Convolution Buffer
— Stores both weights and activations
— Ratio of weights and activation data varies across layers

— Four access ports: R+W activations & R+W weights

» Convolution read bandwidth determine size of read port (C*datasize)
— Optional compression support

— Prefer to either store all weights or all activations

Sze and Emer
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WS Example: NVDLA (simplified)

input fmap output fmap
_ C
filters 7

c . R R
T/ | ] 'MJ
P P, (
0 U |

<—Q—>

<— A

!
»
|
=

Filter overlay

i i Incomplete partial sum

«— 20—
N
LIgI%”
A RN
RITTRNRT
NN N W

Il
N

|I|il- Sze and Emer
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WS Example: NVDLA (simplified)

cog MPUtfmap output fmap
filters < . v
c=3; ~ .
| H H=3 | mis
R=2 P=2 t"
/[0 |
«~8=2— W=3 —Q=2—
M=8
C=3 _
C=}z R=2 Filter overlay
l S=2
R=2 H=3
L7 W=3 .
<S=2— P=2 i i Incomplete partial sum
=2 |

|I|i|- Sze and Emer
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WS Example: NVDLA (simplified)

filters

input fmap

%

w

DTUSTOIOZ

Il
N

output fmap
()
""" ¥
l

Filter overlay

i Incomplete partial sum

Sze and Emer
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WS Example: NVDLA (simplified)

Weights: F(m, 6t s)

Input fmap: Number of Kernels (i.e. Filters)
lic, p+r, q+s) < ‘Atomic-M’ >
T ¥ ¥ v ¥ ¥ ¥ A
X (D] [8D] [8B] [&F] [D] [&D] [&®
 Fiooo | L Foooo | IR Fioo | | Foom |
—3izizizizizizi 1
v o] (8B [6B] [&B] [&B] [ [&®] [ |NumPper of Input
M | | (@ (P Channels
‘Atomic-C’
IV I T I T I T TV T

Output feature map: O, ;, o
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WS Example: NVDLA (simplified)

filters

input fmap

%

w

DTUSTOIOZ

Il
N

output fmap
()
""" ¥
l

Filter overlay

i Incomplete partial sum

Sze and Emer
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WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weight)

filters

input fmap

Y

w

RIS &
DN LN N W

output fmap

Filter overlay

i Incomplete partial sum
1

Sze and Emer



65

WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weight)

input fmap output fmap
filters . -
T H L o7
.__--.i K!
0 §

Filter overlay

i 1 Incomplete partial sum
1

«—N—
j
RIS &
DN LN N W

|I|i|- Sze and Emer
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WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weights)

filters

input fmap

Y

w

RIS &
DN LN N W

output fmap

— N —
-0

*

*

T 1

Filter overlay

i 1 Incomplete partial sum
1

Sze and Emer
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WS Example: NVDLA (simplified)

Weights: F(m, 6t s)

Input fmap: Number of Kernels (i.e. Filters)
lic, p+r, q+s) < ‘Atomic-M’ >
T ¥ ¥ v ¥ ¥ ¥ A
X (D] [8D] [8B] [&F] [D] [&D] [&®
 Fiooo | L Foooo | IR Fioo | | Foom |
—3izizizizizizi 1
v o] (8B [6B] [&B] [&B] [ [&®] [ |NumPper of Input
M | | (@ (P Channels
‘Atomic-C’
IV I T I T I T TV T

Output feature map: O, ;, o
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WS Example: NVDLA (simplified)

Input fmap:

I(c, p+r, q+s)

Number of Kernels (i.e. Filters) Weights: Fim ¢, r.5)

‘Atomic-M’

>

v T3 —3—3—3—3__4

I101

I201

D

D

RD| |XD| | D] D] | D] | XD]| | XD

¥ oo | Fovoo | IR P | [ Fon |

o0l (o] 601 [60] (3] (&1 [&® Nurgtr)]er of Input

oo | Fovoo | IR Foton N Fisoo | IR oo | I Pl annels
‘Atomic-C’

A A A A y VN

Output feature map: O, ;, o
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WS Example: NVDLA (simplified)

Input fmap:

I(c, p+r, q+s)

Number of Kernels (i.e. Filters) Weights: Fim ¢, r.5)

‘Atomic-M’

>

T —3—3—3—3__4

I1‘10

I201

D

D

RD| |XD| | D] D] | D] | XD]| | XD

¥ oo | Fovoo | IR P | [ Fon |

o0l (o] 601 [60] (3] (&1 [&® Nurgtr)]er of Input

oo | Fovoo | IR Foton N Fisoo | IR oo | I Pl annels
‘Atomic-C’

A A A A y VN

Output feature map: O, ;, o

L Sze and Emer
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WS Example: NVDLA (simplified)

Input fmap:

I(c, p+r, q+s)

Number of Kernels (i.e. Filters) Weights: Fim ¢, r.5)

‘Atomic-M’

>

T —3—3—3—3 __4

|111

|211

D

D

RD| |XD| | D] D] | D] | XD]| | XD

¥ oo | Fovoo | IR P | [ Fon |

o0l (o] 601 [60] (3] (&1 [&® Nurgtr)]er of Input

oo | Fovoo | IR Foton N Fisoo | IR oo | I Pl annels
‘Atomic-C’

A A A A y VN

Output feature map: O, ;, o

L Sze and Emer



«—N—

71

WS Example: NVDLA (simplified)

filters

Load new weights

input fmap

¥

w

RIS &
DN LN N W

output fmap

T e

'?

Filter overlay

i i Incomplete partial sum
1

Sze and Emer
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WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weights)

«—N—

filters

input fmap

Y

w

RIS &
DN LN N W

output fmap

Filter overlay

i Incomplete partial sum
1

Sze and Emer
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WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weights)

, input fmap
filters /x
3
! ﬂ 3
2
110

«—N—
j
e

output fmap

L | "8 "
|

Wi -
«— 2 —/™

Filter overlay

i 1 Incomplete partial sum
1

Sze and Emer
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WS Example: NVDLA (simplified)

Cycle through input and output fmap (hold weights)

filters

input fmap

w

RIS &
DN LN N W

output fmap

— N —
-0

*

*

T 1

Filter overlay

i 1 Incomplete partial sum
1

Sze and Emer
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WS Example: NVDLA (simplified)

Input fmap: Number of Kernels (i.e. Filters) Weights: Fm,c, . 5
lic, p+r, q+s) ‘Atomic-M’ >
o g ——y—— "4
XD| | D XRD| D] |XD| D] | XD
[ Foun B A A M

I
o —FFFFTF I II I T [ umverof input

D

I201

‘Atomic-C’

438

% % % Channels
y ~ A A

Output feature map: O, ;, o
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WS Example: NVDLA (simplified)

Input fmap: Number of Kernels (i.e. Filters) Weights: Fm,c, . 5
lic, p+r, q+s) ‘Atomic-M’ >
o 33— 4
XD| | D XRD| D] |XD| D] | XD
[ Foun B A A M

I
o —FFFFTIFTETIIIE T3 [ umberof input

D

| DA ] |Pm FW Channels
‘Atomic-C’
y ~ a a2 y

Output feature map: O, ;, o
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WS Example: NVDLA (simplified)

Input fmap: Number of Kernels (i.e. Filters) Weights: Fim,c,r,s)
lic, p+r, q+s) ‘Atomic-M’ >
g ——y—— "4
XD

D

D D |XD| | D
| 2] | M) A

I
R 2 2 2 2w g 2 2 O ) [

D

| DA ] |Pm FW Channels
‘Atomic-C’
y ~ a a2 y

Output feature map: O, ;, o

|I|i|- Sze and Emer
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WS Example: NVDLA (simplified)

Input fmap: Number of Kernels (i.e. Filters) Weights: Fim,c,r,s)
lic, p+r, q+s) ‘Atomic-M’ >
o g3 4
XD

D

D D |XD| | D
| 2] | M) A

I
cIEFF T T I I T [ umverof input

D

| DA ] |Pm FW Channels
‘Atomic-C’
y ~ a a2 y

Output feature map: O, ;, o

|I|i|- Sze and Emer



Loop Nest: NVDLA (simplified)

M=8; C= 3;
R=2;S=2
PR = Al 0= 7
int i[C]J[H][W]; # Input activations
int f[M][C][R][S]; # Filter weights
int o[M][P][Q]; # Output activations
FoRPr S innie, Rk
FORSSHE N85 S
for p in [O,P):
Rorp gm0y
parallel-for m in [0, M):
parallel-for c in [0, C):
o[m][p][a]l += il ][+][+]*f[][][][]7
How can we tell this is weight stationary? Top loops arerand s

|I|i|- Sze and Emer
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NVDLA (Simplified) - Animation

Tensor: I_CHW+swizzledéswizzle .

Note: Different colored highlights
are different parallel PEs

int i[C][H][W];
int f[M][C][R][S];

# Input activations
# Filter weights

int o[M][P][Q]; # Output activations e el 8 1
O w2 [l O3 R )i e N
ffor e, T HLa0aSH)s: -
for p in [O,P):
for q in [0,Q): Tensor: £-KL(C, R, 5)
parallel-for m in [0, M): e .
parallel-for c in [0, C):
0[][][]+=i[][+][+]*f[][][][yR“R o
M=K=2 H=4 sestonn o1k 210
C=2 W=8 s x . :
R=3 P=9 s o
s=3  a-c B B

Full animation at: https://csqg.csail.mit.edu/6.5930/lectures/slidev/I05/#5




CONV-layer Einsum

Om,p,q — Ic,p+r,q+s X 'mers

Traversal order (fastest to slowest): Q P, S R

Parallel Ranks: C, M

Sze and Emer
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WS Example: NVDLA (simplified)

Global Buffer Released Sept 29, 2017

ICSB /irterrupd
irterface

D88 interface

Second DBB
irlerfece (oplional)

Headless NVDLA core

Cenfiguration interface block

» Convolution buffer  » Convolution core

Y

“ |» Activation engine (SDP)
¥

« |» Pooling engine (PDP)

Memory
interface block -

« |> Local resp. norm (CDP)

-« » Reshape (RUBIK)

-« > Bridge DMA

http://nvdla.org

Image Source: Nvidia
i

Sze and Emer
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WS Example: Nvidia DLA

« Single Data Point Operations
— Immediately after convolution

— Linear functions

* e.g., bias addition, precision scaling (before writing to memory), batch normalization, element-
wise operation

» Scaling: all values, per channel, per pixel
— Non-linear functions use LUT
* e.g., ReLU, PRelLU, sigmod, tanh

* Planar Data Operations
— For pooling: max, min, average
* Multi-Plane Operation

— Cross-channel processing for normalization

|I|i|- Sze and Emer
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Taxonomy: More Examples

« Output Stationary (OS)

[Peemen, ICCD 2013] [ShiDianNao, ISCA 2015]
[Gupta, ICML 2015] [Moons, VLS/2016] [Thinker, VLS/ 2017]

« Weight Stationary (WS)

[Chakradhar, ISCA 2010] [nn-X (NeuFlow), CVPRW 2014]
[Park, ISSCC 2015] [ISAAC, ISCA 2016] [PRIME, /SCA 2016]
[TPU, ISCA 2017]

What other dataflows exists? Input stationary
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Input Stationary
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Input Stationary

* Hold inputs stationary rather than outputs or weights
» Used for sparse CNNSs [Parashar, SCNN, /SCA 2017]

— Sparse CNN is where many weights are zeros
— Advantage is the inputs are larger than weights thus require larger memory

—> reduce reads to larger memory

* Not analyzed for dense

Sze and Emer
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1-D Convolution — Output Stationary

Weights Inputs Outputs
I | = | |
S w Q = W-5+1

int i[W]; # Input activations
Inita [ ST # Filter weights
int o[Q]; # Output activations How can we

] implement input

for q in [0, Q): stationary with
for s in [0, S): no input index?
W=gq+ S

o[q] += i[w]*f[s]

T Assuming: ‘valid’ style convolution
I"lir

Sze and Emer
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1-D Convolution — Input Stationary

Weights Inputs Outputs
I | = | |
S w Q = W-5+1
int i[W]; # Input activations
Inité [ ST # Filter weights
int o[Q]; # Output activations

for w in [0, W):
for s in [@, S):
q=W-S
o[q] += i[w]*f[s]

Beware q must
be >= 0 and <Q

T Assuming: ‘valid’ style convolution
L Sze and Emer



1-D Convolution Einsum + IS

O = Ig+s X Is

0 Q _ 1 S Add superscript to
q+S S indicate name of rank

Note: w = g+s, so q = w-s, and therefore
Qe _ w S
OW—S _ IW X S

Traversal order (fastest to slowest): S, W

|I|i|- Sze and Emer
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Output Stationary (revisited)
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Variants of Output Stationary (Different Tiling)

Parallel
Output Region

«—g—

# Output Channels Single Multiple Multiple

# Output Activations Multiple Multiple Single
Targeting Targeting

Notes . CONV layers FC layers

|I|i|- Sze and Emer



92

Einsums for Different OS Tiling

Om,p,q — Ic,p+r,q+s, X I'mecr,s

OSA Om,pl,ql,pO,qO — Ic,pl,ql,p0+r,q0+s, X m,c,r,S
Parallel: PO, QO

OSB Oml,mO,pl,ql,pO,qO — Ic,pl,ql,p0+r,q0+s, X m1,mo,c,r,s
Parallel: MO, PO, QO

OS m1,m0,p,q IC,p+T,q+S, X m1,mO0,cr,s
C
Parallel: MO

|||il- Sze and Emer



Energy Efficiency Comparison

« Same total area « 256 PEs
« AlexNet CONV layers « Batch size = 16
2 Variants of OS
'f \
1.5
Normalized
Energy/MAC
0.5
0
0S, OSg OS.
Is it possible to do better? CNN Dataflows

[Chen et al., ISCA 2016]

Sze and Emer
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Summary of Processing Order Optimizations

Partitioning

— Goal: Create chunks of data to enable control over temporal reuse in hierarchy of buffers and
spatially for use by multiple processing units.

Dataflow (loop order)

— Goal: Increase reuse for given data type (weight, input, output) by increasing stationarity. Align
traversal with storage order for concordant traversal (improve spatial locality); (this class!)

Dataplacement

— Goal: Control placement of data in specific buffers to reduce data movement (including bypass)
Compute Placement (parallel or temporal loop)

— Goal: Reduce cycles by processing multiple MACs in parallel
Partition Sizing

— Goal: Determine the exact amounts of data processed temporarily and spatially
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Looptree — Dataflow and Dataplacement

ze and Emer
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Example Workload: Matrix Multiplication

Matrix-matrix multiplication in Einsum notation:

Am,na — Im,m' X WAm',na

|I|i|- Sze and Emer
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Example Workload: Matrix Multiplication

Matrix-matrix multiplication in Einsum notation:

Note specifically:

e Ranks of tensors (e.g., A has ranks M and NA)

Am,na — Im,m' X WAm',na

Sze and Emer
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Example Workload: Matrix Multiplication

Matrix-matrix multiplication in Einsum notation:

Note specifically:
e Ranks of tensors (e.g., 4 has ranks M and NA) Anina = Imni X WApina

e Binary operation (e.g., multiplication)

|I|i|- Sze and Emer
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Example Workload: Matrix Multiplication

Matrix-matrix multiplication in Einsum notation:

Note specifically:
e Ranks of tensors (e.g., 4 has ranks M and NA) Amng = I
e Binary operation (e.g., multiplication)

e Implicit summation over right-hand-side-only rank
variable (e.g., ni)

,rri X WATE’L ,na

Sze and Emer
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Example Workload: Matrix Multiplication

Matrix-matrix multiplication in Einsum notation:

Note specifically:
e Ranks of tensors (e.g., 4 has ranks M and NA) Anina = Imni X WApina
e Binary operation (e.g., multiplication)

e Implicit summation over right-hand-side-only rank
variable (e.g., ni)

e Does not assume an order for operations
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Choosing a Dataflow

In the LoopTree notation,
dataflow is the order of loop nodes

for m in [0,5)
[

for nain [0,2)
[

for nzin [0,6)

L Sze and Emer
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Partitioning: ...

Original Einsum:

Am,na = Immni X WAm',na

L Sze and Emer
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Partitioning a Rank + ...

Original Einsum:

Am,na = Immni X WAm',na

Partition rank NI:

Am,na — Im,nil,m'[) X WAm'l,niO,na

L Sze and Emer
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Partitioning a Rank + Swizzling Ranks

Original Einsum:

Am,na = Immni X WAm',na

Partition rank NI:

Am,na — Im,nil,nz'[] X WAnil,niO,na

Swizzling ranks:

Am,na = Imnil,ni0 X WAm'l,na,m’O
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Specifying a Dataflow with Partitioned Ranks

Dataflow in LoopTree is post-
for m in [0,5)

partitioning: |

fornil in [0,2)
|

for nain [0,3)
I

for nz0 in [0,3)
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Specifying a Dataplacment

Dataplacement

A specification of how capacity of a
buffer should be utilized for various
tensors.
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Specifying a Storageplan

In LoopTree, add a dataplacement by placing
storage nodes:
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Specifying a Storageplan

In LoopTree, add a dataplacement by placing

storage nodes: [DRAM keep I, WA, A
|

for m in [0,5)
for nillin [0,2)
for na Iin [0,2)
for m'Olin [0,3)

« DRAM, as backing storage, keeps all tensors.
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Specifying a Storageplan

In LoopTree, add a dataplacement by placing
storage nodes:

DRAM, as backing storage, keeps all tensors.

Fetch all weights WA into on-chip GlobalBuffer

T — R —

DRAM keep I, WA, A
I

p— e

GlobalBuffer keep W
[

for m in [0,5)

fornil in [0,2)

for nain [0,2)
I
for n70 in [0,3)

109
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Specifying a Storageplan

In LoopTree, add a dataplacement by placing

storage nodes:

DRAM, as backing storage, keeps all tensors.
Fetch all weights WA into on-chip GlobalBuffer

Every iteration of “for m” fetch a chunk of A

into GlobalBuffer

—

DRAM keep I, WA, A

— e

GlobalBuffer keep W
[

for m in [0,5)

GlobalBuffer keep A
|

formnzl in [0,2)
I

for nain [0,2)
I

for ni0 in [0,3)

110
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Specifying a Storageplan

In LoopTree, add a dataplacement by placing
storage nodes:

DRAM, as backing storage, keeps all tensors.
* Fetch all weights WA into on-chip GlobalBuffer

* Every iteration of “for m” fetch a chunk of A
into GlobalBuffer

* Every iteration of “for nil” fetch a chunk of |
into GlobalBuffer

T — R ——

DRAM keep I, WA, A
I

GlobalBuffer keep W
|

for m in [0,5)

GlobalBuffer keep A
[

fornil in[0,2)

— —————

GlobalBuffer keep I
I
for nain [0,2)
I

for n70 in [0,3)
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