|‘ . =
y L i

e

" Accelerator g
& Architectures for
y Machine Learning

R
e

L]

Lecture 9: Sparse DNN Accelerator

Tuesday: 3:30 - 6:20 pm
Classroom: ED-302
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« Efficient Inference Engine (EIE)

* Cnvlutin Sparse Accelerator

* Nvidia Tensor Core: M:N Sparsity

» TorchSparse: Sparse CONV on the GPU



Approaches to Reduce Model Sizes

* Weight sharing
* Trained quantization 2.03, 2.11°T 1.94
 Quantization <L
* Quantizing the weight and 2.0
activation
- Fine-tune in float format

* Reduce to fixed-point format 8 x less memory

4 bit ,
footprint



Compressed Sparse Row (CSR) Format

« Amatrix M (m * n) is represented by three 1-D vectors

* The A vector
» Store values of non-zero elements
 Row-by-row traversing order

* The IA vector
« Store the cumulative number of non-zero elements with size m + 1
* [A[0]=0
* |A[i] = IA[i - 1] + # of non-zero elements in (i-1) th row of the M

* The JA vector

o Store the column index of each element in the A vector



CSR Case Study

* Avectoris [3, 4,2, 1]

e JA vector stores column indices of element in A

*JA=[0,1,2,1]

* |JA[0] =0, IA[1] = IA[O] + # of non-zero
elementsinrow 0=0

e |IA[2] = 1A[1] + 2 =2, IA[3] = IA[2] + 1 =3,
IA[4] = 1A[3]+1=4

*lIA=][0,0, 2, 3, 4]

0
0
3
0
0
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Analysis of CSR Format

* The sparsity of the matrix

* (Total # of elements - # of non-zero elements) / Total # of
element

* The direct array based representation required memory
* 3 * NNZ (Number of Non-Zero)

* CSR format required memory: 2 * NNZ + m + 1

* CSR matrices are memory efficient as long as
*NNZ<(m*(n-1)—-1)/2



Compressed Sparse Column (CSC) Format

 Amatrix M (m * n) is represented by three 1-D vectors

* The A vector
» Store values of non-zero elements
« Column-by-column traversing order

 The IA vector
» Store the cumulative number of non-zero elements with size n + 1
« [A[0]=0
* |A[i] = IA[l - 1] + # of non-zero elements in (i-1) th column of the M

* The JA vector

« Store the row index of each element in the A vector



Sparse Matrix Vector Multiplication (SpMV)

Column (j) Matrix
0 1 2 3 /[\A
—~ A B CSR Tree Rows(i) 0 1
EH C representatign /\ \ \
o :
*“ o D Column(j)o 2 2 3
Val
Column Row aue. A B C D
Value indices lengths Vol Column Row
dlue i ;
A |B 0|2 2 | Schedule rows indices lengths
C y) 1 to 2 machines A|B 0|2 2 MO

C|D 2 |3 11| m

D 3 1




Efficient Inference Engine (EIE)

* The first DNN accelerator for sparse data, compressed
model

* The special-purpose hardware for sparse operations with
matrices that are up to 50% dense

» Exploit both weight sparsity and activation sparsity
« Saves energy by skipping zero weights
« Saves cycle by not computing it

» Aggressive weight quantization (4 bit) to save memory
footprint

» EIE decodes the weight to 16 bit and uses 16 bit arithmetic

10



EIE: DNN Accelerator for Sparse

Han et. al., ISCA 2016

0*A=0 W*0=0 13.01,2.99 => 3

Sparse Activation
70% dynamic
sparsity

B 10X less computation MMM 3 X less computation
- 8 X less memory
- 5 X less memory footprint footprint

Weight Sharing
4-bit weights

Sparse Weight
90% static sparsity

11



EIE: Reduce Memory Access by Compression

« Compress data based on CSC format
* Rule of thumb: 0 *A=0,W*0=0

Input a ([0 io as ) Output
x b
PEO (’wo,o 0 "wo’g'-\ ( bo\ (bo \
PE1 b 8]
Weights prre2 —by 0 vl Tw lw
| | ‘ Virtual Weight | Woo | Wy, | Wy, | Wo3 | W,
PE3 03 | ReLv | b
= b3 Rng ’ Relative Index | 0 1 2 0 0
— U4

. ﬁ Column Pointer| €
b b
\=bz/  \[0

) Han et. al., ISCA 2016 1



EIE Dataflow

« Skip the execution when activation =0
« Scan through each activation and only calculate non-zero values

Han et. al., ISCA 2016 13



EIE: Micro Architecture for each PE

* Process Fully Connected Layers (after deep compression)
« Store weights column-wise in Run Length format (CSC format)
« Read relative column when input is non-zero

In
Pointer Read Sparse Matrix Access Arithmetic Unit Act R/W

Comb




Load Balance

PE || PE || PE | [ PE
PE PEI PE
__Central Control
PE PEI PE

PE || PE || PE | | PE

| [=]

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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Activation Sparsity

FE

Pointer Read

Leading
NZero

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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Weight Sparsity

Pointer Read Sparse Matrix Access

Leading
NZero

- - V\ )

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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Weight Sharing

PE

PE

PE

PE

Ercoded Decoded
Weight Weight

: Absolute
Pointer Read Sparse Matrix Access Index Index

NZero

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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Arithmetic & Write Back

PE

e[ e ] =

PE

Pointer Read Sparse Matrix Access Index Arithmetic Unit Act R/W

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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RelLU & Non-zero Detection

Pointer Read Sparse Matrix Access Index Arithmetic Unit Act R/W

EIE: Efficient Inference Engine on Compressed Deep Neural Network [Han et al., ISCA 2016]
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Post Layout Result of EIE

 CPU: Intel Core-i7 5930k
« GPU: NVIDIA TitanX
 Mobile GPU: NVIDIA Jetson TK1

Layer

4096 x 9216
4096 x 4096
1000 x 4096
VGG-6 4096 x 25088
VGG-7 4096 x 4096
VGG-8 1000 x 4096
600 x 4096
8791 x 600
CENTENETC R T 2400 x 1201

AlexNet-6
AlexNet-7

AlexNet-8

NeuralTalk-We

NeuralTalk-Wd

Weight
Density

9%
9%
25%
4%
4%
23%
10%
11%
10%

Activation
Density

35%
35%
38%
18%
37%
41%
100%
100%
100%

FLOP
Reduction

33x
33x
10x
100x
50x
10x
10x
10x
10x

Description

AlexNet for
image
classification

VGG-16 for
image
classification

RNN and LSTM
for image
caption

Ptr_Even

SpMat

A0 Actl

Arithm  Ptr_Odd

SpMat

Technology
# PEs
on-chip SRAM
Max Model Size
Static Sparsity
Dynamic Sparsity
Quantization
ALU Width
Area
MxV Throughput

Power

40 nm

64

8 MB

84 Million

10x

3x

4-bit

16-bit

40.8 mmA2

81,967 layers/s

586 mW

21



Cnvlutin

» Baseline does not skip zero and takes three cycles to complete

Input neurons: cycle 0 cycle 1 cycle 2
Filter 0 Filter O 5
Output utput
Input neurons neurzns Input neurons Output Input neurons [5] neurons
neurons 4
L s £ "
aﬂ (7 Filter 1 e g Filter 1 m
.............. n m.ag EV =
Fiter 0 (T [~ 4 6] 3 5]
4|22 3
5 : NEBir
31 1 NBin
........ ime0[3]0 11 NBin __
Filter 1 < 6 NBL::;E._ [T s
-5 4]-2 B | l 4 H—
i r ¢ NBout
Outputneurons Fiter O Sw;gsg 513[1 = ] SB
2= | = el 2] =l > E):‘;
48 CDr. Flltef‘ll Lane0l -5 3(-1 7“ b E
Comesp,  Fiter1 tane| Syeesel-6]-4]-2]_=fx} -6 _".
0 | e =
entry

[Albericio et al., ISCA 2016]22



Cnvlutin

 Work on CONYV layer

* Cnvlutin skips zero to
shorten the execution
time

 Add offset bit to

Indicate the proper
filter to read

cycle 0

NBin subunit 0

Neurons Neuron .n
Lane 0
Offsets .n

Filter O Synapse

ot

Lane LaneOI O I 311

Filter 1 "S_ynapsel___,JIT 1]
Lane| Laneol =1 —[ "]

NBin subunit 1

el i [}

Offsets

Filter O
liter O Synapse 614

Lane| Lane 1|

Filter 1 Synapse =
Lane| Lane1l’b 4

SB entry

cycle 1

NBin Subunit 0

NBout

o] L=

a
¢

[Albericio et al., ISCA 2016] 23



Nvidia Tensor Core: M:N Sparsity

Structured-sparse Structured-sparse and
matrix W compressed matrix W

Fine-grained
structured-sparse
matrix format

T
R X C/2 elements +
R X C/2 2bits meta
data

I C i F— C/2 — F—=—iC/2

= zero entry Non-zero data 2-bits
values indices

Two weights are nonzero out of four consecutive weights (2:4 sparsity).

Accelerating Sparse Deep Neural Networks [Mishra et al., arXiv 2021]
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Nvidia Tensor Core: M:N Sparsity

Structured-sparse Structured-sparse and
matrix W compressed matrix W

Fine-grained
structured-sparse
matrix format

—
R X C/2 elements +
R X C/2 2bits meta
data

— C — — C/2 — F=—C/2

= zero entry Non-zero data 2-bits
values indices

Two weights are nonzero out of four consecutive weights (2:4 sparsity).

25

Accelerating Sparse Deep Neural Networks [Mishra et al., arXiv 2021]



Nvidia Tensor Core: M:N Sparsity

Structured-sparse Structured-sparse and
matrix W compressed matrix W

Fine-grained
structured-sparse
matrix format

—»
R X C/2 elements +
R X C/2 2bits meta
data

F— C/2 = IF=—iC/2

= zero entry Non-zero data 2-bits
values indices

Push all the nonzero elements to the left in memory: save storage and computation.

Accelerating Sparse Deep Neural Networks [Mishra et al., arXiv 2021] 26




Nvidia Tensor Core: M:N Sparsity

Sparse operation
on Tensor Core

Dense operation = ey STy | B matrix (Dense)
on Tensor Core | 1 |

elements
I > L)) < |

vy
gAccumulator (result)

T " A
il Accumulator (result)

S — S

8 &
X M ) i
£ £
< <
C matrix (Dense) k2= k5 K2 ¢ matrix (Dense)
Non-zero data 2-bits
values indices
Dense MXNXK GEMM Sparse MXNXK GEMM

The indices are used to mask out the inputs. Only 2 multiplications will be done out of four.

Accelerating Sparse Deep Neural Networks [Mishra et al., arXiv 2021]




Nvidia Tensor Core: M:N Sparsity

Accuracy
Network Dense Sparse Sparse
FP16 FP16 INTS8

ResNet-34 3.4 73.9 73.7
ResNet-50 76.1 76.2 76.2
INT8 (TN) cuSPARSELt vs. cuBLAS Performance ResNet-50 (SWSL) 81.1 80.9 80.9
2= GEMM-M = GEMM-N = 10240 ResNet-101 7.7 78.0 779
-8 20 ResNeXt-50-32x4 77.6 o T
o ResNeXt-101-32x16 79.7 79.9 79.9
. ResNeXt-101-32x16 (WSL)  84.2 84.0 84.2
Q16 DenseNet-121 75.5 75.3 75.3
= e DenseNet-161 78.8 78.8 78.9
;; 13 Wide ResNet-50 78.5 78.6 78.5
o 12 Wide ResNet-101 78.9 79.2 79.1
8 1o Inception v3 77.1 77.1 77.1
) 1280 2560 3840 5120 6400 7680 8960 10240 11520 12800 14080 15360 16640 17920 19200 20480 Xception 79.2 79.2 79.2
GEMM-K VGG-11 70.9 70.9 70.8
Fig. 3. Comparison of sparse and dense INT8 GEMMs on NVIDIA A100 Tensor Cores. ngig ;‘fg ;‘f(l) ;‘f;
. . = D D .
Larger GEMMs achieve nearly a 2x speedup with Sparse Tensor Cores. SN at:128 e e Sy
SUNet-7-128 76.4 76.5 76.3
DRN26 75.2 75.3 75.3
DRN-105 79.4 79.5 79.4

Pruning CNNs with 2:4 sparsity will bring about large speedup for GEMM workloads and it will not incur
performance drop for DNN models.

Accelerating Sparse Deep Neural Networks [Mishra et al., arXiv 2021]




TorchSparse: Sparse CONV on the GPU

« Sparse convolution on sparse inputs

Conventional Convolution Sparse Convolution

iEl o "
Bl &l

- —— ,’ [ | 2

| by N, T

Input sparsity Nonzeros the dbutonin will not

from ReLU will dilate : .
physical space dilate
29



TorchSparse: Sparse CONV on the GPU

« Sparse convolution on sparse inputs

Conventional Convolution Sparse Convolution
4 A
/
K | B
_ L | .
(Po, Qo, W1.1) No compute
Maps
(In, Out, Wgt)

Computation
( = + fin X Wwgt) for
each entry in the maps

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]



TorchSparse: Sparse CONV on the GPU

» Weight-stationary computation, separate matmul for different

weights

(In,nCn)str.’\?Vgt)
(Po, Q1, Wo1.1)
(P3, Qa, Wa1,4)
(P , W.10)
(P , Wo)
(P1, Q1, Woy)
(P3, Qz, Wo,0)
(P4, Q4, Wo,)
(P3, Q1, W1p)
(P1, Qo, W1,1)
(P4 , Wi1)

Workload

Input Features Input Buffer

Weight  Partial Sum Output Features

PO \ Qo
E; PO ) psumi 8;
> | —
P3 ' PSUM4
P3 /1 \ Q3
P4 2 X Cin Cin X Cout 2 X Cout Q4
5 X Cin 5 X Cout
=f1+fo X W4
=fa+f3 X W4

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]
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TorchSparse: Sparse CONV on the GPU

» Weight-stationary computation, separate matmul for different

weights

Workload
Maps
(In, Out, Wagt)
(Po, Q1, W-1.1) Input Features Input Buffer ~ Weight Partial Sum Output Features
(P3, Qa4, W-1,11)
(P1, Qz, W-1,0) PO Qo0
(Po, Qo, Wo,0) P1 ™~ Q1
(P1, Q1, Wa) P2 Pl — Wio0— PSUM3 Q2
(P2, Q2, Wo,0) P3 ™~ Q3
(Ps, Q3, Woy) P4 1 X Cin Cin X Cout 1 X Cout Q4
(P4, Q4, Wo,) 5 X Cin 5 X Cout
(P2, Q1, Wi ,0) =f:+f1 X W
(P1, Qo, W1,1)
(Pa, Q3, W1.1)

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]
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TorchSparse: Sparse CONV on the GPU

» Weight-stationary computatlon separate matmul for different

weights

(Po,
(Ps
(P
()':.'1 i

Maps
(In, Out, ng)

W4

, Woo
W
W

0

, Wo,o

, Wo,o

Wi
, Wi
, Wi

0

1)
1)
)
)
00)
0.,0)
)
)
)
)
)

1

Workload

Input Features Input Buffer ~ Weight Partial Sum Output Features

PO — PO PSUMO
P1 — P1 PSUM1
P2 — P2 —» Woo — PSUM2
P3 |- P3 PSUM3
P4 — P4 PSUM4
5 X Cin 5 X Cin Cin X Cout 5X Cout
=1 + fi X Wo,o
i=0,1,2,3,4

Note: maps for Wo.o contains all entries.

Qo
Q1
Q2
Q3
Q4

5 X Cout

vl vl

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]
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TorchSparse: Sparse CONV on the GPU

» Weight-stationary computation, separate matmul for different

welg hts Locality-Aware Access Adaptive Grouping Locality-Aware Access
Gather Matrix-Matrix Multiplication Scatter-Accumulate
(+[Fo % B _[psum1 | )
| L3 4T psuma -
<)o F1 — | .PSUM3
pad X W—1,0 —
Fo || Gather T [ Psumi Scatter —
e x | Wi | =[5
F2 | IR T F1 _ | psumo F2
F3 |~ x i *1 Wit = esima F3
Fa |- Lt Apply BMM % )C i
R R
o, [ *[BF0 PSUM 0
Input B X W, — Output
Features F1 e PSUM 1 Features
‘| F2 PSUM 2
RIE PSUM 3
9 F4 Apply MM PSUM 4 )

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022] 34



TorchSparse: Sparse CONV on the GPU

« Separate computation: many kernel calls, low device utilization

SSS8S=S

Separate Computation

Worst Best

Computation overhead

¢

Computation regularity
TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]



TorchSparse: Sparse CONV on the GPU

* Dense convolution: best regularity but load imbalance

|

""""

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

"""""""""

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

R DDD _______________

2 23 €0 0 23 0 23 S

Separate Computation Dense Convolution
Worst Best Worst Best
[ O ) ¢
Computation overhead Computation overhead
¢ [ N )
Computation regularity Computation regularity

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]



TorchSparse: Sparse CONV on the GPU

« Computation with grouping: balancing overhead and regularity

EESSSESNE == EH

i -
.................. [ Npp—— | bewomw! bewwa!

.::::l ..::::: .::::: .::::: .::::. .::::. Extra computation = 2/ 28
------------------------------ (Small overhead)

23 €20 20 20 (20 (20 D T T

Separate Computation Dense Convolution Computation with grouping
Worst Best Worst Best Worst Best
| Y ¢ | N ]
Computation overhead Computation overhead Computation overhead
¢ 0 | N ) s @
Computation regularity Computation regularity Computation regularity

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022] 37



TorchSparse: Sparse CONV on the GPU

« Searching customized strategy for different model and datasets

@

£ 16 Increasing regularity helps 6 groups

@ improve latenc

1.2 =

Bl TR et in e et LA TR o 3 groups
S 26 groups -

@

2038 ST s Padding I:\tr:r:-gead hurts =

o offset=(0,0,0) separately y

g' 0.4 computed.)

8 1

g 0 group
n 26 24 22 20 18 16 14 12 10 8 6 4 2 O

Number of Groups

10° 10°
B SemanticKITTI nuScenes
104 104 i
k5
n
%103 10°
= -
102 file— " TR T
1 4 7 10 13 16 19 22 2527 1 4 7 10 13 16 19 22 2527
Weight Index Weight Index

TorchSparse: Efficient Point Cloud Inference Engine [Tang et al., MLSys 2022]



Takeaway Questions

 What are values in “A”, “JA”, “IA” vector in CSR format?
(A)[5,6,7,4,3,2,1,8],[0,1,1,1,2,3,4,5],[0,1, 3,4,6, 7, 8
*(B)[5,6,7,4,3,2,1,8],[0,1,1,3,2,3,4,5],[0,1, 3,4, 6, 7, 8
(C)[5,6,7,4,3,2,1,8],[0,1,1,2,2,3,4,5],[0,1, 3,3,6, 7, 8

oO|l w| O O
O N| | O
O| | O O

6
7
0
0

| O O U0

| O O O




Takeaway Questions

* What are critical issues when designing a sparse DNN
accelerator?
* (A) Compressed data overhead
* (B) Sparse data mapping
 (C) Hard to prefetch data

40



