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TALK OUTLINE

Motivation and Background
Why architecture researchers should care about dataflow

Concepts in Tiling, Blocking, and Scheduling
Basic example: 1D-convolution
Adding intermediate staging buffers
Adding spatial parallelism

Extending to full CNN layers
The need for analytic modeling
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ACCELERATORS ARE GREAT.... BUT!
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MOTIVATION: DATA MOVEMENT

Why it’s important

Fortunately...

VGG16conv3 2 | |

Energy costs _

8-bit Integer Multiply 1X

Fetch two 8-bit operands from DRAM ~100x
Fetch two 8-bit operands from large SRAM  ~10x

Multiply Add Ops  1.85 Billion
Weights 590 K
Inputs 803 K
Outputs 803 K
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MAPPING REUSE TO HARDWARE

7-dimensional network layer 2D hardware array

y We]ghts lanItS ‘% OUtPUtS \ - - - -

RI L I JE PE PE PE PE
1 Y = >

PE PE PE PE

PE PE PE PE

Hardware

Algorithmic

rEINS EINS

« 7D Computation Space Temporal | 2L el iy

« R*S*X*Y*C*K*N

Multicast Forwarding

* 4D Operand / Result Spaces -
« Weights-R*S*C*K
* Inputs - 2L 22 C_2 N
 Outputs Millions of non-trivial mappings
Efficiency is dependent on concrete dimension sizes
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LEARNING ABOUT DATAFLOWS



PEDAGOGICAL EXAMPLE: 1-D CONVOLUTION

Weights Inputs Outputs*®
OO - T3 - [
S X X’ = X-ceil(S/2)1
int i[X]; # Input activations
int w[S]; # Filter weights

it O] g # Output activations

HORNRR=EEY < X7 x++) {
LOTELRS. om0 ;88 A THSER Skt ) 5
[X] += i[x+s]*w[s];
}
How often does the datapath Every cycle

change the weight and input?

Output?

* The terms “Output”
and “Partial Sum”
used interchangeably

T Assuming: ‘valid’
style convolution

Every S cycles: “Output stationary”
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WHAT DO WE MEAN BY “STATIONARY”?

The datatype (and dimension) that changes most slowly

Sums: 1/10, Inputs: 3/10, Weights: 9/40

Note: the “stationary” name is meant to give intuition, not to be a
complete specification of all the behavior of a dataflow

= Ime
Bsums Minputs M weights

Imprecise analogy: think of data transfers as a wave with “amplitude” and “period”
The stationary datatype has the longest period (locally held tile changes most slowly)
Note: like waves, also can have harmful “constructive interference” (bursts)

Later we will see how intermediate staging buffers reduce both bandwidth and energy
Often corresponds to datatype that is “done with” earliest without further reloads
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“DONE WITH” VERSUS “NEEDS RELOAD”

int i[X]; # Input activations
int w[S]; # Filter weights
2l # Output activation

How many times will x == 2?7 . .
How many times will

@; X < X,; X++) { S::Z?
gor (s = 0; s < S; s++) {
o[x] += i[x+s]*w[s];

How many times will x+s == 27

« Temporal distance between re-occurrence dictates buffer size to avoid re-load
» How do you know if a buffer that size is worth it?
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FROM “LOOP NEST” TO DATAFLOW

Weights Inputs Outputs
I -
S X X’ = X-ceil(5/2)

int i[X]; # Input activations

int w[S]; # Filter weights

int o[X’]; # Output activations No constraints*
on loop

TORT (X g=tal " PC NN, SE G ) g { = permutations!

OIS =l <S; s++) {
[X] += i[x+s]*w[s];

* Because we don’t care about where precision/saturation issues
occur - usually choose data sizes such that it never happens
[See NVDLA’s 48-bit accumulators for 16-bit operands]
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ANOTHER DATAFLOW

Weights Inputs Outputs
OO -« O = OI11]
S X X’ = X-ceil(5/2)
int i[X]; # Input activations
int w[S]; # Filter weights

int o[X’]; # Output activations

ORGSR <S; s++) {
e (s S < X7 x++) {
[X] += i[x+s]*w[s];

What dataflow is this? Weight stationary

12 <ANVIDIA.



MORE DATAFLOWS

Weights Inputs Outputs
— -
S X X’ = X-ceil(5/2)t
. : : How can we
}nt [X]; # I?put act}vatlons implement
int w[S]; # Filter weights

input
stationary
with no input
index?

int o[X’]; # Output activations

HORNE=LEY < X’ x++) {
OGRS it E <S; s++) {
[X] += i[x+s]*w[s];
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INPUT STATIONARY

Weights Inputs Outputs
I -
S X X’ = X-ceil(5/2)
int i[X]; # Input activations
int w[S]; # Filter weights
int o[X’] # Output activations

FORXE=EE < X; x++) {
OGS =l <S; s++) {
[X-s] += i[x]*w[s];

Beware x-s must be >= 0 and <X’
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SIMPLE MODEL FOR MAPPING DATAFLOWS TO
HARDWARE

Weights Inputs Outputs

S X X’ = X-ceil(S/2)

Weights

[ ] I 0 ! I

[ ] \ |nputS \

. . r - °

. : Partial Sums /

. ) [ | Single Multiplier
. | sequentially

Local Buffers computes all partial
sums

Backing Store

Weights Outputs / Partial Sums

Alg. Min. accesses to backing store (MINALG)
Maximum operand uses (MAXOP) SX' SX' SX'
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1D CONVOLUTION SUMMARY

Weights Inputs Outputs

[ * = ]

S X

Weights Outputs / Partial Sums

Size = Alg. Min. accesses

Note: product

always equals SX’
Maximum operand uses SX' SX' SX'

BUFSIZE-1D (Buffer size for zero re-fetch BUFMULT-1D
m
Weight-stationary 1 X’ X’ i e
Input-stationary S 1 S nut-stationary
Output-stationary S S 1 Output-stationary X’ X’ SX’
Buffer access energy: WS = SX- [-F(l) i -F(X, ) i Z-F(X, )] f(X) = energy cost of
IS = SX°[f(S) + (1) + 2f(S)] accessing ? RAM structure
OT S1Zze X

0S = SX°[f(S) + f(S) + 2f(1)]

Significant difference in buffer access energy cost based on dataflow
But what if the provisioned buffering is smaller than required? 16 SAnviDIA




GETTING MORE REALISTIC



MULTI-LAYER BUFFERING

L1 LO
Weights Weights
L1 LO
Inputs Inputs
L1 LO
Outputs Outputs

Data
path
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1-D CONVOLUTION - BUFFERED

Weights Inputs Outputs
] - -
S X X’ = X-ceil(X/2)
int i[X]; # Input activations
int w[S]; # Filter Weights
int o[X’]; # Output activations
Note X’ and S
// Level 1 are factored so:
iEa RS =205 < X°1; x1++) { X0*X1=X
for (s1 = 0; < S1; sl++) { 50751 =5
// Level @
RORNO@. =0 < X’0; ++) {
Forp(sa =o', < SO; ++) {
- SN0 +
= * RO +
[X] += i[x+s] * w[s];

} 7 19 SINVIDIA.




ENERGY COSTS OF A MAPPING

I * wl

// Level 1
Ror- ( = 0% & Xl ++) {
for ( = 0; ot ++) {
// Level ©
1o e = 0; AR ++) {
i o 3t = 0; < SO; ++) {
[ x1*X?0+x0] += 1[x1*X’0+x0 + s1*S0+
} < N el S
I

Constant over each level 1 iteration

Energy of a buffer access is a function of the size of
the buffer

Each buffer level’s energy is proportional the
number of accesses at that level

For level O that is all the operands to the
Datapath

For level L>0 there are three components:

Data arriving from level L+1

Data that needs to be transferred to
level L-1

Data that is returned from level L-1
20
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MAPPING - WEIGHT ACCESS COSTS

%

// Level 1

hor- = <o X0l s

FORE( 5 < S1;
// Level ©

for ( = 0;

*

++)
++) {

N ®©
oo
o

4 XROF ++) {
9; <o @5 ++)
X?0+x0] 4= 1[x1*X’°0+x0 +

for (

[ *S0+s0] * w[s1*S’0+s0];

s1++

Weights

21
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MAPPING - WEIGHT ACCESS COSTS

Level O reads
Per level 1 iteration -> X’0*SO weight reads
Times X’1*S1 level 1 iterations
Total reads = (X’0*S0)*(X’1*S1) = (X’0*X’1)*(50*S1) = SX’ reads

Level 1 to O transfers
Per level 1 iteration -> SO weights transferred

Times same number of level 1 iterations = X’1 * $1
Total transfers -> S0*(X’1*S1) = X’1*(50*S1) = SX’1

I Disjoint/partitioned reuse pattern
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MAPPING - INPUT ACCESS COSTS

// Level 1
hor- . =40 e X0l ;

/for‘ ( =" 85 ot B

++)

++) {
// Level ©

e [ = 0;
for ( = 0;
[x1*X’ 0+

< X’0;
< SO;
] +=

++) {
++)

[x1*X’0+x0 + s1*So+

] *

[s1*S0+50];

Inputs

310—

s1++

I ————

Sliding window

s1++

Next x1 iteration

Input halo!
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MAPPING - INPUT ACCESS COSTS

Level O reads
Per level 1 iteration -> X’0+S0 inputs reads
Times X’1*S1 level 1 iterations
Total reads = X’1*S1*(X’0+S0) = ((X’1*X’0)*S$1)+(X’1*(51*S0)) = X’*S1+X’1*S reads

Level 1 to O transfers
For s=0, X’0+S0 inputs transferred
For each of the following 51-1 iterations another SO inputs transferred
So total per x1 iteration is: X’0+50*S1 = X’0+S inputs
Times number of x1 iterations = X’1
So total transfers = X’1*(X’0+S) = (X’1*X’0)+X’1*S = X’+X’1*S

I Sliding window/partitioned reuse pattern

24
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MAPPING - OUTPUT ACCESS COSTS

/

s1=0

// Level 1
Ror- . =
TFOre(

for (
if ol Jt

N ®©
oo
QY]

[

J

// Level ©

++)
++) {

Ce X gl 5
o

0; A X2 (P ++) {
=il < SO; ++)
*X?0+x0] += i[x1*X’0+

+

*SO+s0] * w[s1*S0+s0];

Outputs

25 NVIDIA.



MAPPING - OUTPUT ACCESS COSTS

Level O writes
Due to level 0 being ‘output stationary’ only X’0 writes per level 1 iteration
Times X’1*S1 level 1 iterations
Total writes = X’0*(X’1*S1) = (X’0*X’1)*S1 = X’*S1 writes

Level O to 1 transfers
After each S1 iterations a completed partial sum for X’0 outputs are transferred
There are X’1 chunks of S1 iterations
So total is X’1*X’0 = X’ transfers

26 NVIDIA.



MAPPING DATA COST SUMMARY

// Level 1
Rer- i = 0; S X0l ++) {
for ( = 0; ot B ++) {
// Level ©
0] et = 0; < X’0; ++) {
WO = 0; < SO; ++) {
[x1*X?0+x0] += 1[x1*X’0+x0 + *SO+s0]* w[s1*Se+s0];

4

SX’

Weight Reads SX’1
Input Reads X *S1+ X1 *S X’ +X’1*S
Output Reads N/A N/A

Output Writes X’ * 51 X’
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SPATIAL PES
L0

Weights w
L0 “
Inputs Q
PE1

LO
Outputs

How will this be reflected New ‘level’ of loops
in the loop nest?

28 NVIDIA.



1-D CONVOLUTION - SPATIAL

Weights Inputs Outputs
[ -
S X X’ = X-ceil(5/2)
int i[X]; # Input activations Note:
int w[S]; # Filter Weights X0*X’1 = X’
it OUNC] e # Output activations S0*S1 = S
// Level 1
parallel-for (x1 = 0; < X°1; x1++) {
AR T AT R N E e s rmcraasanell S1=1=>51=0
// Level ©
FORI(XB. =%6; < X’0; ++) {
Fory(sa =o', < SO; ++) {
[X1*¥X?0+x0] += 1[x1*X’0+x0 + s1*SO+s50]
* w[s1*S0e+s0];

4

29 <ANVIDIA.



1-D CONVOLUTION - SPATIAL

Weights Inputs Outputs
o R o O R e N o
S X X’ = X-ceil(5/2)
int i[X]; # Input activations
int w[S]; # Filter Weights

int o[X’]; # Output activations

// Level 1
parallel-for (x1 = 0; Lo 2% ++) {
// Level ©
Bors ( =0 <R K ++) {
for (s0@ = 0; < SO; ++) {

[ X1*¥X?0+x0] += 1[x1*X?0+x0 + s1*SO+s50]
* w[s1*Se+s0];

4

30 <4NVIDIA.



SPATIAL PES

LO PEQ PE1

Weights ‘ >>ule]  >>ule]
L0 “e
Inputs ‘
PE1

LO
Outputs

Implementation opportunity? Yes, single fetch and multicast

31 NVIDIA.



1-D CONVOLUTION - SPATIAL

// Level 1
parallel—foK:Z:::= 0, <25 :E;I:Q
// Level ©

FORE(XON =0 < X’0; ++) {

EoRe" (507 S0 < SO; ++) {
[ x1*X?0+x0] += 1[x1*X°0+x0 + s1*S0+:50]
Cufs1*se+s0]; >

}

4

How do we recognize multicast opportunities?

Indices independent of spatial index

32 NVIDIA.



SPATIAL PES: PARTITIONED INPUTS

PE@

LO
Weights

8 <3
Inputs ‘
PE1

LO
Outputs

Implementation opportunity? Parallel fetch

>>
>>
>>
>>
>>
>>
<<

>>
>>
>>
>>
>>
>>
<<

[0]
[0]
[1]
[1]
[2]
[2]
[0]

[0]
[1]
[1]
[2]
[2]
[3]
[1]

Assuming S=3

>>
>>
>>
>>
>>
>>
<<

>>
>>
>>
>>
>>
>>
<<

PE1
[0]
[X°0+0]
[1]
[X°0+1]
[2]
[X°0+2]
[X°0+0]

[0]
[X°0+1]
[1]
[X°0+2]
[2]
[X°0+3]
[X°0+1]
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SPATIAL PARTITIONING WEIGHTS
I _

S X X’ = X-ceil(5/2)
int i[W]; # Input activations Note:
int w[R]; # Filter Weights X’ 0*X’1 = X’
it GINE]~; # Output activations S0*S1 = S
// Level 1
hoam o no e o O A =t X1=1=>x1=0
parallel-for ( =Sk < FSily S0=1.51=2
// Level © ’
for (x0 = 0O; <EE BT W]
for (s@ = 0; < SO; ++) {
[X1*¥X?0+x0] += 1[x1*X’0+x0 + s1*SO+s50]
* w[s1*50+s0];

; 7
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SPATI

AL PARTITIONING WEIGHTS

. -
S X X’ = X-ceil(5/2)
int i[X]; # Input activations Note:
int w[S]; # Filter Weights X0*X’1 =X’
it OURC] e # Output activations S0*S1 = S
// Level 1
parallel-for (sl = 0; < 2; sl++) {
// Level 0
for (x0 = 0; < X’0; x0++) {
for (s0 = 0; < SO; sO++) {
[X1*¥X?0+x0] += 1[x1*X?0+x0 + s1*SO+s50]
* w[s1*50+s0];
}
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1-D CONVOLUTION - SPATIAL

// Level 1
parallel-for (s1 = 0; @25 ++) {
// Level ©
FOR#(X08 =0 < X’0; ++) {
FoRe ("S0f =e < SO; ++) {
COIXI*X?Bx@] = 1[X1*X’0+x0 + S1%S0+50]
* w[s1*50+s0];
}

4

How do we handle same index for output Spatial summation...
In multiple PEs?

Other multicast opportunities? No
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SPATIAL PES: PARTITIONED WEIGHTS

LO FEd FEl

: >>w[0] >>W[S0+0]

Weights ‘ >>1[0] >>1[S0+0]

>>w[1] >>W[SO+1]

‘ >>1[1] >>1[S0+1]

LO ‘ >>w[2] >>W[S0+2]

Inputs ‘ >>i[2] >>1[S0+2]
I PE1 <<o[0] <<o[0]

LO >>w[0] >>W[S0+1]

Outputs >>1[1] >>1[S0+1]

>>w[1] >>W[S0+2]

>>1[2] >>1[S0+2]

>>w[2] >>W[S0+3]

Spatial sum needed? Yes >>1[3] >>1[S0+3]
<<o[1] <<o[1]

Assuming S=3 37 <ANVIDIA.



SPATIAL PES WITH SPATIAL SUMMATION

LO Sum may be
Weights embedded in PE?

LO
Inputs

LO
Outputs

What if hardware cannot do a spatial lllegal mapping!
sum?

38 <ANVIDIA.



MORE REALISTIC LOOP NEST

int i[W]; # Input activations
int w[R]; # Filter Weights

i SUNE]+; # Output activations
// Level 2

for (x2 = 0; x2 < X’2; x2++) {
for (s2 = @; s2 < S2; s2++) {
// Level 1
parallel-for (x1 = 0; x1 < X’1; x1++) {
parallel-for (s1 = @; s1 < S1; sl++) {
// Level ©
for (x0 = 0; x0 < X’0; x0++) {
for (s@ = 0; sO@ < SO; so++) {

7

General approach: alternate temporal/spatial levels and choose values (including 1) carefully
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“FRACTAL” ACCELERATOR DESIGN

L1 — Weights
Weights B
Inputs
LO
L1 Outputs
LO
— Weights
. L1
Outputs L0
Inputs
LO
| Outputs

HHHHHHHHH
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MORE REALISTIC PROBLEM: 2D CONVOLUTION

Weights

RJ Inputs Partial Sums

B
S
Y
v

i »
< |

d .

< |

X’ =X - ceil(5/2)

(Z/9Ned - A = A
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2-D CONVOLUTION LOOP NEST

int i[Y][X]; # Input activations
int w[R][S]; # Filter weights
sinnite GIRNLE8s # Output activations

TORBVRSLES <Y’; y++) {
gl O S T e G & R
RO, =ie < R; r++) {

ORI 0; < S; s++) {
[y1[x] += i[y+r][x+s]*w[r][s];
}
/4
What dataflow is this? Output stationary + row major
What new opportunities can 2D allows exploration of rectangular data tile

we exploit? aspect ratios 2 Snvioia



TILED 2-D CONVOLUTION

int i[Y][X]; # Input activations
int w[R][S]; # Filter weights
sinnite GIRNLE8s # Output activations
, Note:
(e ( = 0; <o YR i ++) { X’0*X’1*X’2 = X’
o Mg QAR and.so.on...
LORSGr 2810, < R2; r2++) {
TORM( S20=00 < SN ++) {
parallel-for (yl1 = 0; Gy % ++) {
] 4
How do you make a square Set X0=YO0, and/or R0O=S0
tile?
How do you make a 1D tile? Set X0=width, YO=1

(e.g., strip mining) or X0=1, YO=height... 4 nvioia



CNN PROBLEM FORMULATION - INPUT CHANNELS

Weights

C A
| [
Inputs
R V [ Partial Sums
| |

>
S
Y
L v
< >
< >

X’ =X - ceil(5/2)

(Z/9Ned - A = A




CNN PROBLEM FORMULATION - INPUT CHANNELS

% |

Weights

R}

Partial Sums

1™

(Z/9Ned - A = A

X’ =X - ceil(5/2)

»
»
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CNN PROBLEM FORMULATION - OUTPUT CHANNELS

Weights

% |

N
N Inputs K Partial Sums
A R 1 I I : »/I

-

[ -

: :7’ ~ v
— - C < : - P

v < X > X’ =X - ceil(5/2)

(2/91199 - A = A
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REFERENCE CONVOLUTIONAL LAYER

int i[C][Y][X]; # Input activation channels
int w[K]J[C][R][S]; # Filter weights (per channel pair)
int of[K][Y’][X’]; # Output activation channels

HORNGKE=LEY < K; k++) {

for (y = 85 y < Y’; y++) {

TOr =% =40 < X?; x++) {

TOrAEC ~=hoN < C; c++) {
for (r = 0; < R; r++) {
FroR ¥(se="05 <S; s++) {
[kI[y]l[x] += i[c][y+r][x+s]*w[k][c][r][s];
4
What dataflow is this? Output-Channel Output Stationary, row major
(input channel most minor)

What new opportunities can Each input contributes to many planes of outputs

we eXplOit? 47 SANVIDIA.



TILING A CONVOLUTIONAL LAYER

int i[C][Y][X]; # Input activation channels
int w[K][C][R][S]; # Filter weights (per channel pair)
int o[K][Y’][X’]; # Output activation channels

for (k1 = 0; k1 < K1; ki1++) {
for (yl = 0; yl < Y1°; yl++) {
TOr 2051 ol " SCL< WX ] Sl X 1135 ) =
FOrWRCTT="0) cI oL CINh @li++) " {;
For (P11 =405l T <RI 4L+t )" {
for (sl = 0; sl1 < S1; sl1++) {
parallel for (ko = 0; ko < KO; ko++) {

4

Gigantic space of potential loop orders and factorizations — how to explore?

« Cycle-accurate modeling of realistic dimensions and fabric sizes too slow
 Solution: use an analytic modeling

48 <ANVIDIA.



CONCLUSIONS

Understanding CNN dataflow and tiling concepts is critical for computer architecture
researchers focusing on domain-specific accelerators

Caches are generally considered too expensive (area+power) but we can easily make up the
difference using workload knowledge (more about this later today)

For an example of exploiting advanced dataflow knowledge, see:

UCNN: Exploiting Computational Reuse in Deep Neural Networks via Weight Repetition -
Kartik Hegde (UIUC), Jiyong Yu (UIUC), Rohit Agrawal (UIUC), Mengjia Yan (UIUC),

Michael Pellauer (NVIDIA), Christopher Fletcher (UIUC)
[ISCA 2018]
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