HREF IR ANFIACS

Ping Chen
2021/5/9
Zhejiang University

—

i



Outline

- ‘ﬁ)}i

PR R

@ AT Ak

untl

O

O

[

N
RENEN



—)—a

B~ > 454t 2 SR AL

Generalized

R iti A | e |
ecognition kNN | [outdoor market.
There are many
(CNES g
Specialized
Recognition
(CNN)

not just text.

Vision Tasks | vw

Research

tion Natural Language Processing Chess & Go
(CNN + LSTM)  (CNN + Reinforcement Learning)

WEFIEAER., AR, BRESAE. #EFTEBE T ERBBER.



TRIZ 7 1) & eta 7y

ALY GRi 5 2R B S AF 2 )

B InceptionV4ix B batch size 5 327)l| %
ImageNetZE 2 40GB iz 745 a1,

B BERTH#E768 1k )=, frBatch sizeix ..
B NB6ARTFEE73GB I B AR A A2,

IIIIIII

® {§iffimageNeti|ZWide ResNet-152, 7t

-
e > HE
Ea=

i gt B B O ¢

REZIEBANSHERE KBRENH BRI KER, BHRIAFE202041 R Turing Natural
Language Generation (T-NLG)EZIHHA 170/ 5 E~63GBHNF



NI 22—

N

N3

SNl

_

Inception-V4

B4 ¥ 70000, MigHER ||

B M

32GB

BERT

Wide ResNet-152

- FEAR ZFEE/GB B H R /Gbps Tensor Core FP32 Ill%‘[E/TFLOPS/
V100(SXM2) 32 HBM2 900 640 15.7
TITAN RTX 24 GDDR6 576 16.3 180
P100(SXM2) 16 HB 7y Fr -y =19.6 %
TITAN V 12 HB I-' , A ﬁiw%é E@?@ﬁﬁ?ﬂ&
RTX 2080Ti 11 GDDR6 ™ : 4 o
RTX 2080 8 GDDR6 448 368 10.1
RTX 2070 8 GDDR6 448 288 7.5 g 90
TITAN Xp 12 GDDR5X 547.7 NA 12
RTX 1080Ti 11 GDDR5X 484 NA 11.3 0
TITAN X 12 GDDRS5 336.5 NA 11 10
GTX 1080 8 GDDR5X 484 NA 8.9
RTX 1070Ti 8 GDDRS5 256 NA 8.1 0
RTX 1070 8 GDDR5 256 NA 6.5
RTX 1060 6 GDDRS5 256 NA 4.4

Ze B ANVIDIAA B4 P21 8 FI R Y GPUMEBE TSR, HAP H B E RV oo%j:@;ﬁafgszes; |
tE#FTF RABFGPU (32GB) DARMKELNEEEIMIGER 0



Outline

o RIS R
- AT
A
BRI N

O
untl

0
[y




AE TSI IES

WASIRG 2 ELE32GB*NDRAMA &, &K TFGPU
81 e FFHCPU DRAM5GPU DRAM R R S5
TR N T RE LR .

BRI 7EGPU L P 7 MAEA I 4 — N
- AR
GPU
— R 4 #
*'""-””"”,',',H —_— ! li‘ Eﬂ,ll‘
R sjeafs 434% H3afgs
o < | ! ' 'I ‘ E I '
- S

sEA -/




DNNZIE I FFALE

i x Layer,,"s output ¥
l—lﬁ Layer ,, | Refent = 2 is forked into the
. . . ‘. input X of Layer,
and Layer;
II mp: mp: P P Refent = 1
A i L i ¥
Input yer, ayer s Yer | Layer,y, | Refent = 1
image s Av - A% - P - 2% — 'r
Pt ] WS WS Lay?rm Refcnt = 1
i ﬁ i o . The output Ys of
Lo [ [ / Layer, and Layer,,
X are joined as
La‘lefgs] Layer:,'s input X
(a)
40000
36000 lWDrlvl.space . : : . . . |
33000 || Weadient maps 80 -[__]coNv [ Fc [l DROPOUT [} SOFTMAX [l POOL [_JACT [_]BN [l LRN] 1

B Feature maps
m ' Weights
A Feature maps (%)

(=]
T

(=]

% of compute time
] g [=1]
|

| ] | | | ;ﬂﬂ'L..ﬂ ”-.J

o

AlexNet Inception_v4 ResNet101 ResNet151 ResNet50 VGG16 VGG19

(a) breakdown of execution time by layer types

GPU memory usage (MB)
| i =
SEEzE:
o o O o o o o g
1]+
| M
| >
Bl >
>

Conviy TS T XA A

Feature mapiy=31a) & b AEH &



GPU-CPU%:#% %2-vDNN

Forward Backward
propagation propagation
0, ! ' 0, I
GPU computation F, _ B, ~ B,
: ...... o
GPU/CPU transfer Offload, E Prefetch,

1 1 - time
VDNN WAL 7 2 B

B NP BUR AT — R A B BRI TR, B SRR R i AR [ R,

[1] M. Rhu, N. Gimelshein, J. Clemons, A. Zulfigar, and S. W. Keckler, “VDNN: Virtualized deep neural networks for scalable, memory-
efficient neural network design,”in Proceedings of the Annual International Symposium on Microarchitecture, MICRQ, 2016/ vol.-2016



GPU-CPU¥: 2 7 S - HoAth

———————————————————

('d) Strme .:

Q=
Wl :_.:.nm;.

m1 moDNN[1]7Ef#H: T VDNNAR JE i 3 b6 s VR R
AR VE RS BRCONVEY: (A 1E. S5HZSEA

“.»{ Offioad

®)seen. CEEENT

| . e m— e ———————— I E— Y L\b ~, ___—:B\
strmp - Curfent time w]) , BENFE SRRSO
Wasted Wasted
. Time : : Time . ; ; ;
stream_, .| FP, | FP, |~ [ BP, J [ BP_, } ------- ‘ stream_, | FP, I FP, ] [ BP I BP,, J .......
stream,.. Offload, [Ofﬂoadz] ------- [ Prefetch_, ] Prefetch ] ------- stream Offload, I Offloadzl ------- [ Pref«atcl.'nn_2 I Prefetch, , ]
_ : : : — . . —

B 2 VDNN++7EfFR T VDNNEAL B A 2 10 Bt _L [R5 P58 1Y A7 FO RS AR (2]
m 3 SwapAdvisorfii [l iR TA . DU A &% 5 18 A SRR UEA T A% S Y 1 2R [3] (4]

[1] X. Chen, D. Z. Chen, and X. S. Hu, “MoDNN: Memory optimal DNN training on GPUs,” Proceedings of the 2018 Design, Automation
and Test in Europe Conference and Exhibition, DATE 2018, vol. 2018-Janua, pp. 13-18, 2018.

[2]S. B. Shriram, A. Garg, and P. Kulkarni, “Dynamic memory management for GPU-based training of deep neural networks,” Proceedings
- 2019 IEEE 33rd International Parallel and Distributed Processing Symposium, IPDPS 2019, pp. 200-209, 2019.

[3] C. C. Huang, G. Jin, and J. Li, “SwapAdvisor: Pushing deep learning beyond the GPU memory limit via smart swapping,” in
International Conference on Architectural Support for Programming Languages and Operating Systems - ASPLOS, 2020, pp.-1341-1355.
[4] Efficient Memory Management for GPU-based Deep Learning Systems arXiv 2019



GPU-CPUSLES 5 8- X 30

M [1] M. Hildebrand, J. Khan, S. Trika, J. Lowe-Power, and V. Akella, “AutOTM: Automatic tensor
movement in heterogeneous memory systems using integer linear programming,” in International

Conference on Architectural Support for Programming Languages and Operating Systems -
ASPLOS, 2020, pp. 875-890.

(2] J. Ren, J. Luo, K. Wu, M. Zhang, and D. Li, “Sentinel: Runtime Data Management on
Heterogeneous Main MemorySystems for Deep Learning,” 2019.

m [3] D. Yang and D. Cheng, “Efficient GPU Memory Management for Nonlinear DNNs,” HPDC
2020 - Proceedings of the 29th International Symposium on High-Performance Parallel and
Distributed Computing, pp. 185-196, 2020.



¥R T SRS 2

w1 SR (PCIeARIYMITE)
B 2 AEJZIFAEAR (VPR PREBIE RN SEEER T ZIF ARG

a2 A e R R AR 7T 2

AT K5 I1SCSE IR F



Outline

o VRHE TR
= NAFACH
-
E4HEE AR

O

1|

O

[




Gradient Checkpointingl!! (E115H)

1.8 B B2 A EHE B A7 2. K L HI R E A 2| BE B BT

\ ¢ . . \ ¢ . . =, % %
I - - - i i y § 1 i y § 1
| \ ! | ! \ ! | ! —_— —_— —_— —_—
b ] 4 TR b ] Iy S -_\\ z.. ._\ -/. .\ /. ._\ -/. .\ /.
_r'/ -\. .z'. .\.. _r'/ -\. .z'. .\.. _r'/ -\. P e . Ve = ¥ P e . Ve = ¥ P
| | ——————— | ——————— | —————— | ———— | ' \ 1 1 _." \ 1 1 _."
, 1 . K , 1 . K / | | | — | | —
h \, %, y, W Y ._\ . .\ f ._\ . .\ f ._\

l l l l ‘ BCheckmate[2]: H &M BEEHR B R B R
S\ U (HZEEZ)E, BRICRM, SEHMEAMR)

[1]T. Chen, B. Xu, C. Zhang, and C. Guestrin, “Training Deep Nets with Sublinear Memory Cost,” pp. 1-12, 2016.
[2]P. Jain et al., “Checkmate: Breaking the Memory Wall with Optimal Tensor Rematerialization,” arXiv preprint
arXiv:1910.02653, 2019.



T 2+ 1T E -SuperNeuronst!

£ 80 [ C—Jconv I FC IENIDROPOUT [iSOFTMAX IBPOOL [_JACT LJeN MELRN] -
% 60 - -
S = = = =
E 40 -
8
- ﬂn—n L..lﬂ Lﬂ |
| DATAO}—>{CcONV1|—>|POOL2]  [cONV3|—»| FC4 |—>fsoftmaxs # o il nll Al Al
onmax AlexNet  Inception v4  ResNeti01  ResNeti51  ResNet50 VGG16 VGG19
T (a) breakdown of execution time by layer types
subsequent Iayers current 60 ; : : z I :
¢ 6, 19, t0 l 5,16,12,13 % [C—Jconv [ Fc I DROPOUT [T SOFTMAX I POOL [—_JACT 18N I LRN|
[DATA71/€—CONV1]  |CONVY |«— POOLS FC? l«—Softmax4 seor )
18,10 t7, 18,10 11, 5
ﬁ Sl ﬂHHHHHHHHHM H |
E
0 - o - =
AlexNet Inception_v4 ResNet101 ResNet151 ResNet50 VGG16 VGG19
IZ]-I (b) breakdown of memory usages by layer types

K2
1 FES &R P AR T i Tensor (1)
2 Convit @& mfTa, NEGEIIE, FrAfCRConvin 1 1558 (PEIZ) ;
3 POOL, ACT, LRN PAEBNZTTER R, SHSEZ, xR EiTE (K2)

JE &R AR

[1]L. Wang et al., “SuperNeurons: Dynamic GPU memory management for training deep neural networks,” in Proceedings
of the ACM SIGPLAN Symposium on Principles and Practice of Parallel Programming, PPOPP, 2018, pp. 41-58.



L+ 81T H -Capuchinll]

[
[==]

sychronization sychronization }gggg | ] 11 T2 T3
g overhead overhead 14000 | i o5 L - _
‘m @ =m . | gl | s
g | P> | | Ao | o | | awo g 8000 | | % 10 [-e “~ A
o . ! R | £ 6000 |- i 8
i swopoutn) | | swapln (L1) | gggg i i 5e “~
3 - | et
£ j —— 0 10 20 30 40 50 60 70 80 90 100 0 - : L . ;
“ Convolution layer number 60 120 540 600 660 720
Time (ms)
VDNNHJA 2 GRAPATH R ZE B, A S
: NI D5 AR
HIZMR A (InceptionV3)
FEBCUT I L HE AR B R ANBETR] BLR URF B R i AR A e R,
R R BA RN E T T ) R BEA T A ER RGN R S OS2

[1]X. Peng et al., “Capuchin: Tensor-based GPU memory management for deep learning,” in International Conference on
Architectural Support for Programming Languages and Operating Systems - ASPLOS, 2020, pp. 891-905.




T 2+ 1T -Capuchin

RO B AR ANRETR] B PORFAE R T T S A A R R
AR 2 i) TET A RS 0B T 2 7% A Se At 3

1 Capuchin-45 & 45 R+ BT 31 T3 i = s s 1]

o OHTHB ARG E S, TEIFTEA BRI S5 BN, FrAGEER BN Tensor; Bl iR
PaTensorf ZF a4 THE T (] ABEAF A B B 2k i Tensorfli e, ZcH) .

© OXHEF R Tensorf Ik A TR RS UK, RBEFERL T RENS 52 4 IR I Tensor;

© QRIEMSPS (HKE) FEtrxlEITE Tensordi ik -- REFMZEREBIR, EiHERER/PMTensorE

EEGEITE;
20
Tl —& T2 T3 —a
B = > Memory Saving
g MSPS = _ _
B 10 - -0 Recomputation Time
S5fe e .
0

60 120 540 600 660 720
Time (ms)



Outline

o REEE A H
= WAL HR

o EiE

= IE4EHR




=}

0101001101001 100
11 10010010101 110

if ok 77 is BNN:

goto BNN 4.5
elsers--
if 3TE /774 is RNP: _
goto RNPSCH "
else: ===
FPGA it 5=
FEE SIEE
B2 FEORERZE, HHENBUETZZEN I a2

[1] https://dl.ccf.org.cn/reading.html?id=5354164101597184 A AR SEUE, AL R AR B

[2]Y. Gong, L. Liu, M. Yang, and L. Bourdev, “Compressing Deep Convolutional Networks using Vector Quantization,” pp. 1-10, 2014.
[3]H. Li, H. Samet, A. Kadav, |. Durdanovic, and H. P. Graf, “Pruning filters for efficient convnets,” in 5th Internaﬁ@nﬁal wq@gge;ggigming

Representations, ICLR 2017 - Conference Track Proceedings, 2019, no. 2016, pp. 1-13.




cDMAT & - SR 55 | Am)@ish i ae i

— RelU 10.0

FEGPU I B i B s e TR 4e . MR8, W R 1AL ”

5.0 -

23

.E_Ljil%. ReLUﬂﬂ@%ﬂE@ﬁﬁtﬂ%%Tfﬁﬁ#%@ (ReLU%tH;E&TEQﬁj(EEKJO) 100 75 50 25 0o 25 50 75 100

2.3
5.0

1.5

-10.0 4

Forward propagation Backward propagation
Of | ! Ob
|
GPU computation C F B H DC B }%%ﬁ/ L2
P ' ' _ - : : A I/ 5 05
""" ! ! S PR
GPU/CPU transfer ﬂ Offload, Prefetch, _ W GOMERERR
|
: : ' time ]
cDMARE R

[1] M. Rhu, M. O’Connor, N. Chatterjee, J. Pool, Y. Kwon, and S. W. Keckler, “Compressing DMA Engine: Leveraging Activation Sparsity
for Training Deep Neural Networks,” Proc. - Int. Symp. High-Performance Comput. Archit., vol. 2018-Febru, pp.; 78-91,-20:18:



Delta-DNN %fweighti:474G 1 £ 45

X 22 ) 2% ) Weight 1 TSZE i 46, B Weight K/, AT CKPTARATF5 K 2%
weight{% i i) 1 F;

compute score

(" AN 4 3
W ) Y
oo [ 9
oo
target 2 i @ g j]
network w L. TrEeeee = . 3 I,
i~ © & = | =T compressed —>
5 E 3 binary fil ke
© L € inary file ,
I > S decom
; — A e/ ) —h pressed
_______________ L network
reference ! different relative error param J L )
reference

network Calculating the Delta Data &Optimizing the Error Bound Compressing the Delta Data network

[1]Z. Hu et al., “Delta-DNN: Efficiently Compressing Deep Neural Networks via Exploiting Floats Similarity,” ACM International Conference
Proceeding Series, 2020.



4 - 5 SO

M [1] A. Jain, A. Phanishayee, J. Mars, L. Tang, and G. Pekhimenko, “GIST: Efficient data encoding
for deep neural network training,” Proceedings - International Symposium on Computer
Architecture, pp. 776-789, 2018.

W [2]B. Akin, Z. A. Chishti, and A. R. Alameldeen, “ZCOMP: Reducing DNN cross-layer memory
footprint using vector extensions,” Proceedings of the Annual International Symposium on
Microarchitecture, MICRO, pp. 126-138, 2019.

m[3]S. Jin, S. Di, X. Liang, J. Tian, D. Tao, and F. Cappello, “DeepSZ: A novel framework to
compress deep neural networks by using error-bounded lossy compression,” HPDC 2019-
Proceedings of the 28th International Symposium on High-Performance Parallel and Distributed
Computing, pp. 159-170, 2019.



+:
Jlmﬁ\ é]:[

.
- i;zﬁ% — i -GPU
o =

MRS (R, DUREDAR AL SR N7z V’TI’/%[ETJ

Wit T BAEAL,  Al+Sysa Sk ITFT NV 1% /B 2 E TR

T K FISCSE B E



Final

Thanks

AT K5 I1SCSE IR F



