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Motivation: Sequence-based Problems is 7 <
Everywhere ...

Document Summary
English » « French v 1 e g e Ao

books
How are you X Comment allez-vous // [oReees 1|
the students opened their

\\ exams
@ minds
ED) \!/ @ Community verified <) [_D

Input Video Clip Context Embeddings

o

I

[1]. Girdhar, Rohit, et al. "Video action transformer network." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog;
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Attention is All You Need!

Passage Sentence

In meteorology, precipitation is any
product of the condensation of
atmospheric water vapor that falls
under gravity.

Question
What causes precipitation to fall?
Answer Candidate

gravity

Yoz
. — == 8

Semantically
Different

8 How old are you?
Semantically

Similar
8 What is your age?

Question Answering on SQuAD2.0 dev

Rank Model F1 ¢ EM
XLNet
1 -he 906 87.9
(single model)
2 XLNet+DSC 89.51 87.65
3 RoBERTa 894 865
(no data aug)

Extra
Training
Data

Paper Code  Result

XLNet: Generalized

Autoregressive Pretraining for (@) =)
Language Understanding

Dice Loss for Data-imbalanced o 5
NLP Tasks

RoBERTa: A Robustly

Optimized BERT Pretraining (] 2]

Approach

Year

2019

2019

2019

Semantic Textual Similarity on MRPC

Rank Model Accuracyt
1 SMART-RoBERTa Large 93.7%
2 ALBERT 93.4%
3 RoBERTa 92.3%

[1]. https: / / paperswithcode.com /sota / question-answering-on-squad20-dev

[2]. https:/ / paperswithcode.com / sota / semantic-textual-similarity-on-mrpc

| I -
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Paper Code Result

SMART: Robust and Efficient

Fine-Tuning for Pre-trained

Natural Language Models (] 2
through Principled Regularized

Optimization

ALBERT: A Lite BERT for Self-
supervised Learning of (] 2]
Language Representations

RoBERTa: A Robustly Optimized o B
BERT Pretraining Approach

Year

2019

2019

2019


https://paperswithcode.com/sota/question-answering-on-squad20-dev
https://paperswithcode.com/sota/semantic-textual-similarity-on-mrpc
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Challenge #1. Long Turnaround Time

Encoder —»  LayerNorm Linear Transform
‘ . .
Encoder Linear Transform /—/I\‘/IatMulA
Encoder Activation Softmax
t t 4
Encoder Linear Transform Masking
4 1 : 41
Encoder ——LayetNorm cale
A A
? g
. MatMul
Encoder Self-attention
Input Linear Transform
Model workflow Encoder workflow Self-attention workflow
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Chall 1. L dTi
allenge #1. Long Turnaround Time
+414.9ms +414,95ms +415ms +415.05ms +415.1ms +415.15ms +415.2ms +415
1 1 1 1 1 1 I} 1 VR TR W TSN va—1 1 1 el TR T Ty T DUSNEY CRL SO DS ST WALPU D el B Cues ROer ey
| S N BN T W ] =T
+414.9ms +414,95ms +415ms +415.05ms +415.1ms +415.15ms +415.2ms +415
A 1 1 1 L i i ! L S TRl WO DU DU | . i e S ST Y TR PSSR CEERY SRS TN NS DS, DU SR S S ey e
| S N 7 | [ T W A I, 7 [ A
- » - VI

Self-attention MLP

- | (Unnamed Layer* 5) [PluginV2DynamicExt] [127.956 pus] (Unnamed Layer* 6} [PluginV2Dyna...|(Un... |([Unnamed Layer* 8) [Fully Connected] [75.... |PWN(... (Unnamed Lal | (Un... I(Unnaml
) cwdata] [cun (<] @ @ B OEEEhEEE @ 00 0.

[1]. https:/ / github.com /NVIDIA / TensorRT / tree /master /demo /BERT
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https://github.com/NVIDIA/TensorRT/tree/master/demo/BERT

Challenge #2. Gigantic model size

220

165

ResNet-50 BERT OpenAIGPT2 T5 DistillBERT ViT

Parameter Number
(Million)
o1 =
O o

Model
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Kernels are not free

Linear Transform @

MatMul

//‘

Softmax @
A
Masking @
A
Scale 9
A
MatMul @

to Tk

A

A

\"

Linear Transform G

Y C
R ?/@G Ep, ~

Launching kernels
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Think self-attention as a primitive

Linear Transform

A
MatMul

/4 A
Softmax
A
Masking
A
Scale
A
MatMul

TQ TK \"

Linear Transform

how

How are you ==

you

Y C
e(o‘?‘o SNy,
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Think self-attention as a primitive

Linear Transform 4(6]1]3 2]8]2 561109
A 1(01]0
MatMul bl ) I 1280
0|-1([-5
//‘ A 112|0|-4 3|l7lo0]2
2 [-2]-1 0.59| .- .|5.55[2.41
Softmax Q vV 0.19
A 4|50 K
—O—t.—’ 0.27]10.73| 0.0 y4
Masking perations
A 8- S
Scale Compute weights Weighted sum
A
MatMul
TQ TK AV
— Linear Transform
Head 1 Head 2
N | [ —
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Compute the self-attention on-the-fly \e

oo ;
i .
Stream . -N ! Q K 9 | ‘e
rocessor 1 ' e . Wo o
: Row i MaSkin I
i (On-chip memory) 2K Soﬁmax |
1

[}
! .1 . |
! g Scaling (ﬁ) Row i T nElN U Output
I (On-chip memory) Z!
- : ) .
. 1
. |
|

ees Q ‘
Row i
[Fheredmemery| owi . v
A I o ] o
X-Wq X Wk X Wy
WQ WK WV
Input
- R — I — [—
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Evaluate on-the-fly-attention

-O-TensorRT BERT _base E.T. BERT base BERT base:
60 -o-TensorRT Transformer -<-E.T. Transformer
. * Model Size: 768
e
> e Number of heads: 12
5
515 L

Transformer:

0

64 80 96 112 128 144 160 176 192 208 224 240 256

Sequence Length * Model Size: 800

e Number of heads: 4
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Pruning makes the model small

Pruning '\ /

e
Dense Sparse
Pruning
41369 0/0/6|0
8762 0|7 02
41832 08/ 0|0
5/2/4|9 52 0|0
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Using emerging hardware

All-New Matrix Core Technology for HPC and Al

Powered by the all-new Matrix Core technology, this powerful engine delivers nearly 3.5x
performance boost for HPC (FP32 matrix) and nearly 7x for Al (FP16) workloads compared to the
prior generation AMD data center GPU.2

® All-New FP32 and
FP16 Matrix Core Technology

© BFloat16 operations for Al

® Enhar
opera PASCAL VOLTA TENSOR CORES

VOLTA TENSOR
CORES

First Generation

Designed specifically for deep learning,

the first-generation Tensor Cores in
NVIDIA Volta™ deliver groundbreaking
performance with mixed-precision matrix
multiply in FP16 and FP32—up to 12X
higher peak teraFLOPS (TFLOPS) for
training and 6X higher peak TFLOPS for
inference over NVIDIA Pascal. This key
capability enables Volta to deliver 3X
performance speedups in training and
inference over Pascal.

[1]. https:/ /www.amd.com /en/technologies/cdna
[2]. https: / /www.nvidia.com /en-us/ data-center / tensor-cores LEARN MORE ABOUT VOLTA >
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Efficient computing on sparse models
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Irregular Row Column Tensor-tile
0060 413 6|9 pruning Pruning
0 0|6 9
ol7zol2 o000 #0960 e
olglojo| [af8]s]a] B2 et S
5200 0000 | *0930
5.0 40 2]2]09]0
X w
W W,
4/36|9 _
_ PEEE 1102/ 0 |40/6/0 e
0000 30111 8/06 0 —|glg
4832
418|3|2 41/1/0| [4/0/8/0 413
0/0 0|0 T/ 0|3/ 1 5/0/4|0 5|4
X Woruned X (adjusted) T /
1/0|-2/0| |4/4] |-8|0]-2|0 - W, uned 1]0[-2|0
30111/ x8[8™™6/0[1/0| [5]7] <2823 — |8 1/1)1
o|-1|1]0| |6|3 0 -5|0 ] 6]3]4 0/-1/1]0
2/0(-3/1| (9]2] [1/0|1]0 = 2/0|-3|1

s | JCONN S EVersoUrce Energy Center s EVERS=URCE =




Prune the model as fine-tuning

?/?\GY CEp »
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11 | 21 | 1.7 | 1.2
05 | 23| 04 | 15
09 | 1.8 | 0.1 | 3.3
08 | 0.1 | 1.8 | 5.1
07 | 0.6 | 1.5 | 3.6
16 | 0.7 | 0.8 | 0.9
06 | 21 | 26 | 0.5
21 | 13 | 1.4 | 03
-

L2 norm

—

3.3

2.6

2.2

6.3

2.0

4.0

3.3

3.0

g

Original loss

N
minf ({Wiz1, {F3h=1) + 1 T

Change ratio L2 norm of last iteration

—

1.2 |13 26| 20
1.1 0.9 2.1/ 6.6
amm—
0.7 | 1.5 2.7 || 2.6
0.9 | 0.7 3.5 | 4.1
2 4 W72 P
k=1i=1j=1 | W{}_l I, +€
7
Y
Regularizer
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Prune the model as fine-tuning

08|06|1.1|03 |08 06|11 03 aloe o | o
1221 |-04|12||12]21]-04]12 o 12/24| o | o 08106 0 | 0
1.3 |-05|-0.1| 3.6 |13 |-05|-0.1| 3.6 2 norm Prune| 0 | 0 |/-01| 3.6 1212110 |0
0415|2151 04|15 21|51 oy 64 |—ul 00 12151 0| 0 |-01|36
16|11 | 1.7 12| |16 |11 1.7 1.2 o o R 0 | 0 |21]|541
a1 0|0 |17 12

06| 18|04 |15 |06 18|04 15 0 00415
2315|0136 |23|15]| 0136 3.3 23(15/ 0 | 0 0 | 0 Jof7is
072106 |18 |07]21 | 06]18 07124/ 0 | 0 23115/ 0 1 0
07 21 0 o0
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Performance gain from pruning

-¥-Row-pruning  {}Column-pruning  -O-Tensor-tile-pruning

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
Sparsity (%)
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Efficient computing on sparse models

Column Tensor-tile

Irregular Row pruning Pruning
0060 43 6|9 4,060 0/ 069
0|7 0|2 0000 8 060 0/0/6/2
0/8/ 00 4/8 32 41080 18100
520 0 000 0 504 0 22019
Irregular Row Column Tensor-@

| O O 0O O
Latency ») O o L)
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Attention-aware pruning

: ;s
Linear Transform 0 QK e ‘: °
4 Row i ) Magg;,, (5 ) - Wo 7
oW 1 i
MatMul @ (shared memory) '\\ 8 & Soff, s '
A 3 —a
/—/ Scaling Row i V%
i y H utput
Softmax @) (2] 1 (shared monenry) L ] - Outp
a {7 6
Masking @) . | -
A Row i K ; VvV
Sc:le g c | o ;
MatMul X WS X-Wy¢ o T
atMul @) Q K X- Wy
to *x v w w
Linear Transform o Q K Wy
Input
] I

s | JCONN = Eversource Energy Center s E\VVERSSURCE E—




Evaluate pruning algorithms

r+Irregular -x-Column -O-Our tensor tile Our attention aware

100

L, @ x\:;_g

= \’\\(\o

\O
U1

Preserved Accuracy (%)
Qo \O
Q1 (@)

Q0
@)

0 10 20 30 40 50 60 720 80 90 92 94

Sparsity (%)
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Compare with state-of-the-art

I+ TensorRT -x-FasterTransformer -O-Our E.T.

—
o8}
1

K=XK=K=K=XK=XK=XK=XK=K=XK=XK=XK=XK=XK=XK=X—X-X-X-X

Latency (us)
s O
o Q1 o

0 5 101520253035 404550556065 707580859095
Sparsity (%)
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Conclusion \ o

» We design a novel self-attention architecture with 2.5x
speedup compared with TensorRT

» We introducing tensor-tile pruning algorithms and model-
aware pruning.

+« E.T.is available at:

» https:/ /github.com/cctry/E.T.
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Conclusion \e

Thank You & QQuestions?
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