[M]

MindSpore

ndSpore H 3 £ 3 5%

T N: Drew




[M]

MindSpore

H >

contents BiEa T aENg ®




S

HIRIIB R NMA 'M]

MindSpore
> (A BEREIRE?
o N\ AJ ISR S G EURRIXMZIEMR ) "EUEER" | BT REE)
> BANGE
O LT EH (Flde: &4, 4. FH. HF. B
oFe M E M (Flde: &p, THERE, REEZN)

SRR EIEAPRAVIAE,

Original Horrizontal Flipped

577

Vertically Flipped

Brighter Darker Noise added
?* VY Y TN
/"'; / it \ .

£

[1] Understanding Data Augmentation | What is Data Augmentation & how it works?
, https:/mww.mygreatlearning.com/blog/understanding-data-augmentation/
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Figure 13: Example images generated at 256 x 256 from LSUN categories. Sliced Wasserstein
Distance (SWD) x10? is given for levels 256, 128, 64, 32 and 16, and the average is bolded. We
also quote the Fréchet Inception Distance (FID) computed from 50K images.
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[1] Karras T, AilaT, Laine S, et al. Progressive Growing of GANs for Improved Quality, Stability,

Discriminator Real / Fake o I I
- and Variation[J]. 2017.

Generator Gc:,gle;;;ed ]/ [2] Rk BGRNISHEEREER | RMKEY BAA, https://mp.weixin.qg.com/s/iV-
OXiKF1jgAhSmX4QUIXw
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[1] Shorten C, Khoshgoftaar T M . A survey on Image Data Augmentation for Deep Learning[J]. Journal of Big Data, 2019, 6(1).
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 Lblgi: 7he analogy to deep learning is that the rocket engine is the deep learning models and
the fuel is the huge amounts of data we can feed to these algorithms. — Andrew Ng(Z&iX)

- (ER: BORIEEATAT, ¥ RGEENSHENEIEE, ReEEZHE. BEUBTHRRDEES
FHYSEBIA T A,

- R HUEEERIEREXILL:

Image classification  57% 78.6% Simple Image based

Image classification  57%
85.7% GAN based

Text classification 79% 87% Easy Data Augmentation


https://www.wired.com/brandlab/2015/05/andrew-ng-deep-learning-mandate-humans-not-just-machines/
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CutMix

Origin image

MixUp CutOut CutMix

label smoothing (IFZER)

BERESETAHNO, 1, 1, 0, 015, RAmX PFidH
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Mosaic(BeHR) : FFPUKE A HHZEE—IRE

auQ_1474493600_0_-45389312jpg aug_1715045541_0_603913529,pg aug_1779424844 0_-589696883 jpg

Figure 3: Mosaic represents a new method of data augmen-
tation.

Self-Adversarial Training (SAT): BEXIHillg:

IRABAE A 69 K 25 k38 Jm D] 25 TR TR VAR et N R 1R
Bh EIlFe, £ RAMALE T2 AR g AA 697 X
LM NBEAR, AR 5 )X —H g EE (4R
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Before shuffle(5) after \_  Before ¢ =1zip(a, b)
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Before batch(2) after . . . . . ” ””

image image
\ Before data2 = datal.map(func, “image”) after J
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H¥ 24k . BA

concat B EE SRR R, BR—AFKOHESE

filter AT IEKIEE

save Pk 5 % % ZMindRecord#s X

skip it B AR A AN T R

take PR # AR R 69 BTN &

split BHIBEEF» RN GE, BirgE

sync_wait/sync_update Bl Hf2#, T2 AT AHKIEER, RIEossHF ST R KA
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C+t/z [ WHEc transformH ¥ ]

1) ZAEH 5% vimap HF 77 XAE AN Zlpipeline, mapH T & A H BIRa)HIEE R AT

2) XF4h 69 | BEATHRAE

3) AEBIFHEARAZLFE IS IF A

4) RERZER OHELEYpipel ineLCr+ ELEIF N GE I @ N ECH-T (c_transform) 1A F Za9tEsE
@ R EPythonH -7 (py_transform) L FZWHF I HFH@D FH A 7 A < LpythonF 453 7% o H
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« c_transform¥-F4& A 7 X AN & AT G

from mindspore.dataset.vision import Inter

func = lambda x : x*2 # Define the lawmbda Function
dsZ = dsl.mapfinput_columns="data”, operations=func)
for data in ds2. create dict iterator():

(%2}

ion.c_transforms as c¢_wvision

import mindspore.dataset.vi

DATA DIR = "./datasets/MNIST Data/train’ print (datal["data”])
: . .. [[o 2 4]

mnist_dataset = ds.MnistDataset(DATA DIR, num_samples=6, shuffle=False) [z 4 8]

resize op = ¢ _vision.Resize(size=(28@,280), interpolation=Inter.LINEAR) [[d & B]]

crop_op = ¢_vision.RandomCrop(15&)
transforms_list = [resize op, crop_op]

mnist dataset = mnist_dataset.map{operations=transforms_list, input_columns=["imags"])

mnist_dataset = mnist_dataset.create dict_iterator()

data = next(mnist_dataset)

Resize, RandomCrop
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[1] Cubuk ED, Zoph B, Mane D, et al. AutoAugment: Learning Augmentation Strategies From Data[C]// 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). IEEE, 2019.

AutoAugment: § & Bsifieh BARKIER FEA XKL T RS,

R R 7 — AR e T4 L3 IEIS % 77 ikAutoAugment. MH M T 2R AR A B R HIEHE R R L
B EZNH, HARA —RHBEELIFFRZRRGKRS . LT T Mk =N, H—FREHFS5 T

Fok R, EH—/batch® # AN H—KEBEAEE ATk, TRECLERAMRME, FMREHZ—
MEAR LT &, Pt REXTWF, S THE-ANBRAEAA —BBEFo 0 R R AT AR A1E AR
ALAERIEREE, HEGAVERNEABDRUEE LRFT RSO RIEERENREREEERE

Policy
(— Data processing T
controler classifier
algorithm
g ]

reward

BEFHEARIAS: — o 2EF B (control ler, =N FAZE W), J—
2R W) 2 DGR H kPPO (Proximal Policy Optimization) B ik, H#—F ik
¥, EH R A softmaxin B A9 F AN A xR, REWKFEFEAT —F 8%
BN E . 125 B IA 30/ softmaxk 5 FIFMSATF Rk R, BT
RS X B2, mBENREXLES ZRELRE, BEBE,

L NE 5 RSN EA R TR AL LA AL ERP G T
—ANBIER ARSI TR SRR, P60 A AR B A1 5
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T2, EEEFTAIHARER arXiv ERFEN, BE—MEERSEHEEERREE
AutoAugment, ZITAEIE—TEHUBIERREBRIIERTE, FAERELIENESTEEUEERIEIEE
seRlg. b, N—TEiESEPFRREREERIrIEIECEUaEIEE L.

® 7t CIFAR-10 EiREZRZ(X 0.65%, fE ImageNet #HEE L, 1£%83.54% HJ Top-1 EHHEZ, £ SVHN L,
IRZEZM 1.30% FFERT 1.02%,

CIFAR 10
Model Baseline  Cutout [25] AutoAugment
Wide-ResNet-28-10 [56] 3.87 3.08 2.68
Shake-Shake (26 2x32d) [58] 3.55 3.02 247
Shake-Shake (26 2x96d) [58] 2.86 2.56 1.99
Shake-Shake (26 2x112d) [58] 2.82 2.57 1.89
AmoebaNet-B (6,128) [21] 2.98 2.13 1.75
PyramidNet+ShakeDrop [59] 2.67 2.31 1.48

ImageNet
Model Baseline Inception Pre-processing [14]  AutoAugment
ResNet-50 [15] 24.70/77.80 23.69/6.92 22.37/6.18
ResNet-200 [15] - 21.5275.85 20.00/ 4.99
AmoebaNet-B (6,190) [21] - 17.80/3.97 17.25/3.78

AmoebaNet-C (6,228) [21] - 16.90/3.90 16.46 / 3.52
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- [[7, 0.8, 1], [1, 0.8, 4]]
- [[12, 0.4, 9], [7, 0.6, 3]]
- [[12,0.4, 1], [4, 0.6, 8]]
- [[8, 0.8, 3], [7,04,71]
- [[8, 0.4, 2], [8, 0.6, 2]]
- [[12,0.2,0], [7,0.8, 8]]
- [[7, 0.4, 8], [27, 0.8, 3]]
- [[0, 0.2, 9], [4, 0.6, 8]]
-[[12,0.6,1], [7,1.0,2]]
- [[6, 0.4, 9], [4, 0.6, 01]
- [[7, 1.0, 9], [1, 0.6, 3]]
- [[12,0.4, 7], [7, 0.6, 01]
- [[9, 0.4, 6], [5, 04, 71]
- [[8, 0.6, 8], [12, 0.6, 9]]
- [[8, 0.2, 4], [4, 0.8, 9]
- [[4, 1.0, 7], [3,0.8,9]]
- [[0, 0.0, 01, [8, 0.8, 4]]
- [[1, 0.8, 01, [12, 0.6, 4]]
-[[12,1.0,01, [4, 0.6, 2]]
- [[7, 0.8, 4], [7,0.0, 8]]
- [[7, 1.0, 4], [5, 0.6, 2]]
- [[1,04, 7], [27, 0.6, 7]]
- [[9, 0.8, 2], [8, 0.6, 10]]
- [[8, 0.6, 8], [7,0.6, 1]]
-[[12,0.8,6], [4,0.4, 5]]
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ShearXImpl
ShearYImpl
TranslateXImpl
TranslateYImpl
Rotatelmpl
AutoContrastimpl
Invertimpl
Equalizelmpl
Solarizelmpl
Posterizelmpl

SampleParingimpl

12
13
14
15
16
17
18
19
20
21

Cutoutimpl

Colorimpl

Constrastimpl
Brightnessimpl
Sharpnessimpl

AdditiveGaussi...

Dropout
Multiply

CoarseDropout
GammacContrast

LinearContrast

#Fimgaug/F

23
24
25
26
27

FlipLRImpl
FlipUDImpl
Blurlmpl
Croplmpl
CutoutSpecific...
SolarizeAddImpl
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ik

shearX RandomAffine EAEEDI)
shearY RandomAffine ANEIED )
translateX RandomAffine IKEER
translateY RandomAffine EEHYH
rotate RandomRotation IEFEATIR
color RandomColor iR
posterize RandomPosterize R EREEEREL
solarize RandomSolarize EENRETCERN, REMBIRER
contrast RandomColorAdjust TREENS LU
sharpness RandomSharpness TR
brightness RandomColorAdjust SR
autocontrast AutoContrast RAEGIIELE
equalize Equalize HEEGRESE

invert Invert REEEG
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» Random select sub policy: EFHENREEZFERF, BILEFEER—I HRIT
|C|E3.55 mindspore.dataset.vision.c_transforms.RandomSelectSubpolicy(policy) [source]

Choose a random sub-paolicy from a list to be applied on the input image. A sub-policy is a list of tuples (op,
prob), where op is a TensorOp operation and prob is the probability that this op will be applied. Once a sub-

policy is selected, each op within the subpolicy with be applied in sequence according to its probability.

Parameters

policy (list(list{tuple(TensorOp,float))) — List of sub-policies to choose from.

op_list = C.RandomSelectSubpolicy(][
[(c_vision.RandomRotation((45, 45)), 0.5), (c_transforms.RandomVerticalFlip(), 1)],
[(c_vision.RandomRotation((90, 90)), 1), (c_transforms.RandomColorAdjust(), 0.2)],

batchl : HifThede +EE L
batch2 : HifThEedE+Enta ik
wxDataset I=ciels )— batch3 : FIITEERE
Wl patchs : HTEREISE
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» Random choice: SANEFRIFEP—MVT

| class mindspore.dataset.vision.py_ transforms.RandomChoice(transforms)

Randomly select one transform from a series of transforms and applies that on the image.

Parameters

transforms (list) — List of transformations to be chosen from to apply.

op_list = C.RandomChoice([C.RandomCrop((32, 32), (4, 4, 4, 4)),

C.RandomHorizontalFlip(prob=0.5),
C.RandomRotation((90, 90)])

xxDataset

[source]

batchl : 4 THEEEIR{E
batch2 : H1{TIXER{E

VSRS o batch3 - HUYT/KTEERESIR/E

batch4 : ...
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> Random apply: BEFEMEERITXIHE T

| class mindspore.dataset.vision.py_transforms.RandomApply(transforms, prob=0.5)

Randomly perform a series of transforms with a given probability.

Parameters

* transforms (list) — List of transformations to be applied.

+ prob (float, optional) — The probability to apply the transformation list (default=0.5).

op_list = C.RandomApply([C.RandomCrop((32, 32), (4, 4, 4, 4)),

C.RandomHorizontalFlip(prob=0.5),
C.RandomRotation((90,

xxDataset

90)], 0.8)

iterator

[source]

batchl : ARITIHEAIE T
batch2 : H1T3NMNEF

mu batch3 : FUTINEF
batch4 : ...

[M]
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» Compose: BPMHEFSHINGT

| class mind spore.dataset.transforms.c_transforms.Compose(transforms)

Compose a list of transforms into a single transform.
Parameters

transforms (list) — List of transformations to be applied.

op_list = C.Compose([C.RandomCrop((32, 32), (4, 4, 4, 4)),
C.RandomHorizontalFlip(prob=0.5)])

xxDataset iterator

[source]

batchl : H1THXE+KEENEE
batch2 : H1THXE+/KEENEE

gy batch3 | HITHXE+/KFEH
batch4 : ...
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B FHisReizgiE - AEES MindSpore

ds = de.ImageFolderDataset(data_dir, num_parallel workers, True, ...)
transform_img = [V_C.RandomCropDecodeResize(image_size, scale=(0.08, 1.0), ratio=(0.75, 1.333)),
V_C.RandomHorizontalFlip(prob=0.5)] Stepl: INEFUELE, #ED. FEL. L

ds = ds.map(input_columns="image", operations=transform_img)

policies =[...,
[(C.RandomRotation(), 0.5), (C.RandomVerticalFlip(), 0.8)],
[(C.RandomColorAdjust(), 0.2), (C.RandomRotation(), 1)],

o] Step2: EFHEEIEILE

ds = ds.batch(batch_size, drop_remainder=True) Step3: Batch{iE

(11 EEEEIEsE, https://www.mindspore.cn/tutorial/training/zh-
CN/master/advanced_use/enable_auto_augmentation.html
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batch0 batchl batch2 batch3
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* No augmentation

mind_solver.py: 276}l idl‘
mind_solver.py: 298][ I
mind_solver.py: 401][ I
mind_solver.py: 688][ I
60449396, MainProcess) : 20
mlno_solver.py. 708][ 1
mind_solver.py: 714]| INF

F0]
Fo]
i
-08-
Fo]
]

mind_solver.py: 720][ INF
mind_solver.py: 721][ INFO

« Auto data augmentation

08-20 01:0

[2020-

332][ mind solver.py:
3321[ mind solver.py:

MT

IBE - RERHA MindSpore

topl acc=76.35%

run in evaluate

use automl dateset

use automl network model

use automl eval

19-02:27:00.458.967 [mindspore/train/serialization.py:330] Remove parameter prefix name: network.,
1mg_tot 49984, self.config.data.batch_size 32, topl correct 38161

results=([38161. ]

continue to load

eval: topl correct=38161.0, tot=49984.0/ acc=76.35%
eval: topS_correct=46557.0, tot=49984.0, acc=93.14%

topl acc=77.49%

INFO] ms_output dir: /home/lee/local
run 1n evaluate
use automl dateset

INFO] wuse mindspore zoo network model

INFO] wuse automl eval

1 2020- Dn-zﬁ 01:04:26.487.385
[ INFO] 1mg_tot 49984, self.config.data.batch size 32,
1[ TNFO]  results=[[38734.]

: 266] [ _root
\ INFO]
mind solver.py: INFO]
mind_s lver.' : 1
mind_solver.
lDD;JGzD MathFUCEhh
_Jnlver.py:
mind_solver.py: 7

[mindspore/train/serialization.py:331] Remo
topl_correct 387

jll

—— D —— 2

acc=77.49%
acc=93. 74%

tot=49984.0,
tot=49984.0,

eval:
eval:

96][ INFO]
97][ INFO]

topl correct=38734.0,
top5_correct=46854.0,
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Eiddataset sync_wait & sync_updatef/l#l, SCINAFEENXEIEG®ZIE, B oiRIESLR loss{E/step£]
lepochZk BAREIEIGIEANSLE, HiMESlossWaBIER, LIEERRH.

F3FClass

\ !

#4T: ETFupdate TARRIIEREE

xxDataset sync_wait iterator sync_update

[=i&: JEFRupdate BT SRRRIEIRBIE

HI M EpEdEIEaE - sync_wait & sync_update
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BFRIRMHEIEIZEE - sync_wait MindSpore
> sync_wait: FHARBEENISREE

| sync_wait(condition_name, num_batch=1, callback=None)

Add a blocking condition to the input Dataset.
Parameters

* num_batch (int) — the number of batches without blocking at the start of each epoch.

* condition_name (sir) — The condition name that is used to toggle sending next row.

+ callback (function) — The callback funciton that will be invoked when sync_update is called.
Raises

RuntimeError — If condition name already exists.

class Augment:
def __init__ (self, loss):
self.loss = loss
def preprocess(self, input ):
return input_
def update(self, data):
self.loss = data["loss"]

aug = Augment(0)
dataset = dataset.sync_wait(condition_name="policy", callback=aug.update)
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HEFRIGBIEIEIESE - sync_update MindSpore
> sync_update: [BIFBENXEIEISERHE

| sync_update(condition_name, num_batch=None, data=None)

Felease a blocking condition and trigger callback with given data.
Parameters

» condition_name (sir) — The condition name that is used to toggle sending next row.

* num_batch (Union[int, Mone]) — The number of batches(rows) that are released. When num_batch

1= None, it will default to the number specified by the sync_wait operator (default=None).

* data (Union[dict, None]) — The data passed to the callback (default=None).

for data in dataset.create_dict_iterator():
loss += context.loss
data = {“loss”: loss} # ] LURHloss/epoch/step

dataset.sync_update(condition_name="policy", data=data)
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BFRIGREREIEE - 561 MindSpore

class AugmentTest: # APBENX

def __init__ (self):
self.loss = {} augment_test = AugmentTest()

def preprocess(self, input_): ds = ds.sync_wait(condition_name="policy", callback=augment_test.update)
return input_ # H T self.loss=LI B SIS 8P

def update(self, data):
# data: {"epoch": 2, "loss": 5.231} epoch=0
if data:

if len(self.loss) == 10 and data['epoch’] not in self.loss: epoch +=1 # 2pijepoch#]

min_loss = 10000.0

for key in self.loss:

if self.loss[key] < min_loss: loss = context.loss  # SREXiE{loss{E
min_loss = self.loss[key] data = {*loss”: loss, “epoch”: epoch}
print("Every 10 epoch, the min loss is: {}".format(min_loss)) ds.sync_update(condition_name="policy", data=data)
self.loss = {}

self.loss[data['epoch’]] = data['loss']
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> K TR A3 RIEIER
o SBAREEMHET I, FTHIBEREME, FHEYT A T ZEERandomSe lectSubpol icy 5= 3L
AutoAugment, 52 IL"1%2%& 4 0945 B 32T,
> AT RO AY R %
« RAtsync_wait & sync_update RALE], FA1EJH P ARIEE B loss/epoch/stepk I B T &9 4538
PRZAE, VAA | AT A9 SRR
U NEE 3P &
o REFE ZSHOMIESE . 3R LR
« RBEKREKALERFENRPT K, sig/datat ML A 74, FFissues:

https://gitee. com/mindspore/community/tree/master/sigs/data



IANK YOU



MindDataZ{iZ18ia3EIN

f1 BIREIENSMMER IS

EX

HiEEIR e TS E RS AN B BiENAE | \/

Eﬂg U 1 D.. '. i /\;]\,\f/t\t/\/
Jnderriteng JEeSITre( Vertitan

D NEIRLIREDER “ES MR “ :

@ BhlbEilS TINE RS UL =1

LEIRM T XSRS RICVEIRIZIRE FLI.

| R | eEmwm
100
200 2 2
st > e Co

300 o l:}@ n ﬁf;% = o
400 e 8

-2 @ e i,
500 o

—a —a

—6 —6

=5 o —s o s




