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1.1 Cifar10 # png

IR, TEMEAN TR, HRAERE, RO 2BA 1. EX
FHEF, NG REMEE, XERH cifar-10 (915, 3% 10000 5K & Fr
VERVREAR, B S S i s

#—3p:. T#, cifar-10-python.tar.gz

N # cifar-10-python.tar.gz, 17 F] /Data 43¢, IF HMRE, A
J%/Data/cifar-10-batches-py/

AT

1. BEM: http://www.cs.toronto.edu/~kriz/cifar.html

2. FEz:  https://pan.baidu.com/s/INGV8g2iBAhHWjQZWTjGEbg #ZHX
fid: p3rh

$F . B4 1_1 cifarl0_to png.py

iZ474CHY: Code/1_data prepare/1_1_cifarl0_to_png.py

A[YE S Datalcifar-10-png/raw_test/ N7 2] 0-9 AN, R 9 A5,

AT AR I SRR ik, X HURDY 19, PRIboR AT 2 i . X BACK:
TS (¥ 10000 Tk A iR s ik, 1ERIEERE fr, HIX 10000 5K B b il il 2
(train), IGiESE(valid), WHREE (test).

21758, fE Data/cifar-10-png/raw_test N¥EiA 10 3cfhde, KFR 10 NS5

L— raw _test

1
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TEFNT—2: RIIGE. RurEANHLE.

12 Y&%E. BIEFEMNRXER X2

/T, A cifar-10 BOMNASE R R 1 png B, A8 SIS )RR . AN,
BB R EIE 1% 8:1:1 I EL IR 9 I ZR4E (train set). 3614 (valid/dev set) TR 4E (test
set)e KT UIZRE. WAUREMMRERMIER, B
https://blog.csdn.net/u011995719/article/details/77451213

21T Code/1_data_prepare/1_2_split_dataset.py, H2x3K3 LK =A% /Dataltrain/
/Data/valid/ /Data/test/

Bl gy sebe, T — B RMMEACR B B8 AR S HAR2E ) txt, PyTorch 445 1% txt £
M5 B HEAT TR IE R, IRl R S Abr 2 4

1.3 ik PyTorch g EE

E/NA R, R (10000 5K )R A INZRER . RIS AL, BT ORmELLE
PyTorch RO L . 481k PyTorch REEIIRATE CHIEHE, /L% 1 # pytroch 28X
B AL AR, SRS H RS S AR o

Dataset 3§
PyTorch 2HXEl F, F22i@ 1 Dataset 2%, FTLASGTR HL T fi— T Dataset 25, Dataset
KA NFTA I datasets FIFERAFAE, B B datasets # 7 ZE4k K 2, RLT CH+rR R 2L

%,

PRSI .
2
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class Dataset(object):
""" An abstract class representing a Dataset.
All other datasets should subclass it. All subclasses should override
__len__", that provides the size of the dataset, and ~__getitem__ ™",
supporting integer indexing in range from 0 to len(self) exclusive.
def __ getitem__ (self, index):
raise NotlmplementedError
def __len_ (self):
raise NotlmplementedError
def __add__(self, other):

return ConcatDataset([self, other])

X B ESFE getitem BRE, getitem UL — index, AR5 iR IEIE A BHEMRZ, XA
index JEH T8 12— list 1) index, XA list AREAS TRt B &5 1 Bl v B (K AR FIbR 285
SR, AT MR IZA list W, 385 BT VR A2 P IR AR FIRR S AS B AR AE — 1 txt

BRI MIZ txt iR
TR B CBE R AR 2 -
1. HIEAEGE T B B AR AR 255 B txt
2. WX e BEAL N list, % list B — AN Io g0 B— A
3. il getitem BR L, PECEEAIbRRE, IR [BIEE AIERAS

FEUNZRARHS B2 e A B I Bt (1, N 2ilid Dataloader it il PAZRH—
batch H%HE, FHsfd Ak Ju i B FriX Se A E /2 Dataloader B/ iter_ (self), R i+
PR BOE R . a4, T Dataset 12K

Rk, ik PyTorch REELELH QM EESE, HTR MNP
1. #IEE R EEE RS
2. FJ# Dataset T3¢

1 BHEE R HHER RS

XA ERR R, R BEE R AR, ARZE, ORAFE txt SCPF, I B R A
3
AR5, 4 T kA%
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FEANER A, txt HERAE, 2 LLUIZRI AN py SCHFPREER) H s v TAEH %, FrBliX
AR EAR AT S AN B A
124740 Code/l_data_prepare/1_3_generate_txt.py, EP<7E/Data/CfFJ¢ R IHiA 2
train.txt valid.txt
txt HZ X FE
| NON | | train.txt
l./../Data/train/9/9_4727.png 9
. ./Data/train/9/9_6642.png 9

./Data/train/9/9_1893.png 9
./Data/train/9/9_9217.png 9

2. & Dataset ¥R

A SZ I M E Y Dataset 1-28——MyDataset 25:
# coding: utf-8

NSNS

from PIL import Image
from torch.utils.data import Dataset
class MyDataset(Dataset):
def __init_ (self, txt_path, transform = None, target. transform = None):
th = open(txt_path, 'r")
imgs =[]
for line in fh:
line = line.rstrip()
words = line.split()
imgs.append((words[0], int(words[1])))
self.imgs = imgs
self:transform = transform
self-target_transform = target_transform
def _ getitem__(self, index):
fn, label = self.imgs[index]
img = Image.open(fn).convert(RGB")
if self.transform is not None:
img = self.transform(img)
return img, label
def _len_ (self):

return len(self.imgs)
4
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HABEBEYIIA, HIaaHh IFRATHER 17 (0 txt BARHE v 0 BR AR ANbR RS, I HAZ Gk
7t self.iimgs, self.imgs & LTI list, H—"NICERX B —MER B AR, HoL
Wi txt AT,

WA T iE 21841k transform,  transform J&—> Compose 287!, HLIIA —A list, list
Ht e e ST B BURHEAT A B 0B, W DAVCE IR IDME, BRbrEZE, BENLEDT, b
B, W, DiSTRHAEERAE.

FEIX BIATATLLANE, —IkE ik G, S BRers B, 4
AR A . X gk — SR R, PyTorch HOECHE 1 B R 6 I 0GB kAT T
W, FEASERGE— B A, maEmsHE, 2RA randomerop 2 ZEIM B ALE:AE
I, &> epoch S AHERII B JLTF AL R —B—FER), XILE] TREAZHEER DI RE

SRIGEAE IO getitem pREL:

917 selfimgs & — list, HALR —IFaEHEEM list, selfimgs () —NInFR & str,
AEE TR, ERRA, IXEE B txt SO i

5747 FIH Image.open XJ B AT IR, img 2585 Image , mode=‘RGB’
BEATHEIAT: SR TAREE, XA transform B AT DLSZEL DRI, BRbRAEZE, BE
BT, Jieks, W, WO, SRR, IRANRAE S R TR

2 Mydataset #2245, F N IEER 245 Dataloder, 7F DataLoder H', £filik
Mydataset H 1] getiterm R 251z B 5K B v OB FIAR RS, JFPHERC— > batch ik 1], /EN
BREIERRA . T/l —A MM, /41 DataLoder j2 4n{a3KH—4 batch,
DA K — ik B S T 4 PyToreh 5250, e 2828 AR (R N 1) o

14 A NERBER

AN T AT Ry H O Dataset 1-25——MyDataset, £ MyDataset H1, 3%
ARBCEDFT B2 51 RS E SCAn il 28 51 B v S AR RS . H & Bl MyDataset 25 32 H
B S HAR SR AR N & Dataloder o AN, KdbAr BBk, ) 2
i IBEAE IR BB AN ), FRMERE & T R AL 2
PRINANTE
/Code/main_training/main.py
PN
1. main.py: train_data = MyDataset(txt_path=train_txt_path, ...) -->

5
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2. main.py: train_loader = Datal oader(dataset=train_data, ...) --->

3. main.py: for i, data in enumerate(train_loader, 0) --->

4. dataloder.py: class DatalLoader(): def __iter _(self): return _Datal.oaderlter(self) --->

5. dataloder.py: class _Datal oderlter(): def __next__(self): batch = self.collate_fn([self.dataset]i]
for i in indices]) --->

6. tool.py: class MyDataset(): def __getitem__(): img = Image.open(fn).convert('RGB") --->

7. tool.py: class MyDataset(): img = self.transform(img) --->

8. main.py: inputs, labels = data inputs, labels = Variable(inputs), Variable(labels) outputs =

net(inputs)

—AEMSER S, M MyDataset 3, F] MyDataset %

—JFiRiEE MyDataset G — /NS, RS AT B AT, AR 0 75 (6
#0).

SRJG T E pytroch 1 — RFIEALTRE, 72565 6 26, A4 & MyDataset 1
__getitem__ ()eR%, 2L Image.open() e A R

SR 5 X SRR P G AT — R 5 AL B (transform HHiR &), )5 913 main.py, X ¥R
BEAT R4 Variable 2874, iR 2 BUNBRL IR -

WAE TR REIR -

1. M\ MyDataset ZEHHIIHM txt, txt A B AR FIAR RS

2. ¥I4fi4k DataLoder i}, ¥ train_data £ N, Ml DatalLoder 46 &l 1 #8412

3. 7 iteration HEATHY, 7 E2EL—A batch (& 3 enumerate() B8 £ 23 [a] A] 4R 3
I — TR

FEIX H dataJ& > batch (& Bl MbRas, data & —4> list B2

4. class Dataloader() " F il F class _Dataloderlter()

5. #£  DataLoderiter()2& <=k %] next_ (self) ¥, 7EiZR¥h<i@id

indices = next(self.sample_iter) 3EH{—™ batch ] indices

LiBliE0

batch = self.collate_fn([self.dataset[i] for i in indices])FXEX—> batch f) £ i

7t batch = self.collate_fn([self.dataset[i] for i in indices]) # <1 self.collate_fn p&%k

6. self.collate_fn H1<xifi I} MyDataset 2571 getitem__ ()eR%L, #E_ getitem__ ()ilid
Image.open(fn).convert(RGB') i HX &

6
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7. 183d Image.open(fn).convert(RGB) LK Jr 2 J5, Xt B v #b A7 Fab 2, il tn s dfa
BRUAbRAEZ, BENLEBTSESE — RV AT B 4P IR .

BLA& transform [ FHVZ R — /NS4, e fai[el img, label, FfidEId self.collate_fn >k
P —A> batch. — batch 2 —A> list, AHA TR, H-PuR2RAEEE 21
4D ] Tensor, shape 4(64,3,32,32), % “ANJCEEIRZ shape H(64).

8. ¥y Bdfa e 4l Variable 287, SR 5ROV EIERIHA

inputs, labels = Variable(inputs), Variable(labels)

outputs = net(inputs)

L T AL B R AR, FRATT AT DASE A 0 e A AL B (R 1, R ARR
72, HEY, §¥, BUNARHRSESE), WA LRIEROVERMEREE, BE RS TR
FR 3T o

1. B fR2idEid Image.open() B AR 1, 2490 S n R e @ :
&l Fr s TE 5 (RGB ? BGR ?)
B & wrh*c 2 c*w*h ?
1% Z AL H[0-1] or [0-255] ?
MEAE MyDataset()2EH  getitem_ (O N EZEUE T RAT 4 051k

2. )\ MyDataset()Z5H _ getitem__ (O BRI, PyTorch fsdis s om i) 5 i 2 78 )i
s BT, JFE IR R, X AR

15 HEEHE G KEAEN

FESCBR IR A, FRAT TR e N 2 AT — Se TR, ) an i e (1
WRIME), BARSRAEC ORI, FRRUbREZ), BENUEREY, e —aME, BgR%E— RS
#AE. PyTorch A — RINEHEIE R E LR RAEM, FHEASGA XL TE,

7£ PyTorch w1, X SR8 58 71 E 1 transforms.py SO A . 3% SR A0 P AT DL
EBRATKE 7R, it 2% transforms.py, LUK 1.4 TP, RATEATLAE & X
Hys i B e Ky, SEILE SR B .

FEA/NTT, WEMHA 4] transform HAEH], 7 —/N37, K PR400 4 transform (Y
P A # Ak
transform {3
i#% ¥ & /Code/main_training/main.py "14¢H5

7
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normMean = [0.4948052, 0.48568845, 0.44682974]
normStd = [0.24580306, 0.24236229, 0.2603115]
normTransform = transforms.Normalize(normMean, normStd)
trainTransform = transforms.Compose([
transforms.Resize(32),
transforms.RandomCrop(32, padding=4),
transforms.ToTensor(),
normTransform
D
validTransform = transforms.Compose([
transforms.ToTensor(),

normTransform

D

AT AT W EIME, prdEZE, DLREIREPRHE(L:  transforms.Normalize() e £, X HLJ& DU
TE N AT AT VR IE, bRtz

SR J5 H transforms.Compose ¥ fir 75 Z23E 47 AL BEZE compose 2k, I H. 75 Z3E =i
R

TENZRES, A0 B adb AT LN A
1. BEHLHEEY
2. Totensor

3. BEbR AL (RIME, R CAFRHEZ)

1. FEHIEEY

SRR, BT BT BRI B A A A B 4 pixel, fHN
0, RIAZR—AN 40*40 B9Eds, A)5 FRENLEEAT 32+32 HI#EET.

B R, L5k transforms.RandomCrop(32, padding=4),2 5 & Fr, e a2
JEAG I 8, 31 512 A 0, 28-31 AT AN 0.

8
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2. Totensor

5 ANk EE transforms. ToTensor()

TEIX B 250 BT transpose, K2 h*w*c, 2x£85d img = img.transpose(0,
1).transpose(0, 2).contiguous(), ZAZR% c*h*w FEER LA 255, (H158 = MHIH— 1 2 [0-1]2 7], K
EF Red JHif.

* 1 w

o ra

0.04705
0.05098

KEFE 2717, 305 JFEKZE 81, 2£3F ToTensor 2 J525i%: 8/255= 0.03137255

3. BHEAR AL (RIIE, FRUAMTHEE)

9
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S =AM B BT AR AL, B2 R, FIOREE Red MEIE I HRE:

Zb, BRI TR, fRJEFRL Variable 2878, S5\ N 45 (15008 T .

OB ATRE 2 KB, 1E3E4T Normalize I, F5 BB EIME AT 2, fEIX B EHES
7, ABFESEPRN R RN PR, RT3 Rt E . XL 5
SRAERIBMER T Z A : /Code/1_data_prepare/1_5_compute_mean.py

1.6 transforms B —+ A ¥ 3

AN transforms.py. H 25N TRAL B 7 v T A AR 45 . EENE 7 SO e 2
Mok, B SRR ITERRS, W IAguass, P RE, XEBE GRS, 7
fHRKES]:

1. #FBj—Crop

HLEE BT transforms.CenterCrop

FEAL# BT : transforms.RandomCrop
BEALK 95 EL# BT transforms.RandomResizedCrop
R AL O EEY: transforms. FiveCrop

B AL SR, transforms. TenCrop

2. FWEEFI e ——Flip and Rotation

10
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WHEZE p K F-H8%E . transforms.RandomHorizontalFlip(p=0.5)
WHER p FTEE B transforms.RandomVerticalFlip(p=0.5)

FEMLESE: transforms.RandomRotation

3 BB

resize: transforms.Resize

FrifEfL:  transforms.Normalize

4 tensor, HU9—1LE[0-1]: transforms.ToTensor
J78: transforms.Pad

BEg e XL EE RIS transforms.Colorlitter
HIKFEI: transforms.Grayscale

LR kAR transforms. LinearTransformation()

i A4 transforms.RandomAffine

WHEZ p #6 N KFEE: transforms.RandomGrayscale
B BHEFEHN PlLImage: transforms. ToPILImage

transforms.Lambda: Apply a user-defined lambda as a transform.

4.3t transforms #4E, fEHIEIGRE RIE

transforms.RandomChoice(transforms), =~ %5 %2 11— & %1 transforms H ik — N34T 4
transforms.RandomApply(transforms, p=0.5), 25—~ transform il EMEZ, (RMERFEATEAE
transforms.RandomOrder, ¥ transforms H [P35 AEREALHT EL

—. #B—Crop
1.FEHLEET: transforms.RandomCrop

class torchvision.transforms.RandomCrop(size, padding=None, pad_if needed=False, fill=0,
padding_mode="constant")

hee: MkHmeh w1 size EALELEY

ZH.

size- (sequence or int), #5 A sequence,lllA(hw), #A4 int, J(size,size)

padding-(sequence or int, optional), HZ%Ue % BIHFEZ /DA pixel,

11
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2o intiF, R R AARETE int S, 0 padding=4, W LR AAGIIATE 4 /) pixel,
#04 32*32, 4L 40*40.

47y sequence I, A 2 ML WE—MERRELT RED, BoAABFRETH. 4
A ANER, Wk, b, A, T

fill- (int or tuple) HFAMME R4 ((CHIEARBAN constant A D o int i, &#EEIH
FAE, MK 3 1 tuple B, 3Rox RGB @I 75 ZAH 7 MIE .

padding_mode- JHABIA, XHEEHE T 4 MRS, Lconstant, &, 2.edge FZMEE
NG RMEKIER . Sreflect, BHA THFE. 4. symmetric, BHA T fif.

2.91.038Y: transforms.CenterCrop

class torchvision.transforms.CenterCrop(size)
The: WRHEL € size b 0oEBY
ZH.

size- (sequence or int), # A sequence, Nl (h,w), # int, Jll(size,size)
3.FEHL KT LLEREY transforms.RandomResizedCrop

class torchvision.transforms.RandomResizedCrop(size, scale=(0.08, 1.0), ratio=(0.75, 1.33333
33333333333), interpolation=2)

Thae: BEHLAR/D, BENUKTE LT IRIGE fr s SJa 5 B A resize BIBCE IFIY size

ZH.

size- 7> HE %R

scale- L crop fIK/NXIE], 4 scale=(0.08, 1.0), e xFHL crop Hisk & F 71 0.08
(EEN R

ratio- FEHLE L E

interpolation- B K772, BRIA A MESR{E (PIL. Image. BILINEAR)

4. EFEAFLFEBT: transforms.FiveCrop

class torchvision.transforms.FiveCrop(size)
Thee: WEF T B NG U 0EEY, k45 5 5k, ik [Bl—4> 4D-tensor
2H:

size- (sequence or int), # A sequence, Nl A (h,w), # A int, (size,size)

12
AHREIR T 25 RAE A, T2 T kAT i



PyTorch R I 2Rz #(F8
1. RES

5. E FAEASOEBY AR transforms. TenCrop

class torchvision.transforms. TenCrop(size, vertical_flip=False)

Thee: WEF T B NG U EHLEEY, eI OKFEEEE) , R4 10 kA
F, JR[Al—A™ 4D-tensor .

size- (sequence or int), # A sequence,JllA(h,w), # A int, Ni(size,size)

vertical_flip (bool) - 2 IEEFEL, RN flase, EPERIA /KPR

—. B EHE—Flip and Rotation

6. MR p /KFEIE transforms.RandomHorizontalFlip

class torchvision.transforms.RandomHorizontalFlip(p=0.5)
Theg: (KAEMES p X PIL B UEAT KB

24

p- M, BRME N 05

7R p EEBE transforms.RandomVerticalFlip

class torchvision.transforms.RandomVerticalFlip(p=0.5)
Thek: RIS p Xt PIL R kAT 3 B S

e

p- W%, ERIAEN 05
8.BENLIEEE: transforms.RandomRotation

class tarchvision.transforms.RandomRotation(degrees, resample=False, expand=False, cente
r=None)

Thek: 1K degrees BEMLIER: — & fiE

2H

degress- (sequence or float or int) , #H AR, 41 30, MIFRIRAE (-30, +30) Z[HFENLIE
¥

#i4 sequence, WI(30, 60), NMIZK/RTE 30-60 & 2 [AIFEALIES:

13
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resample- FRFET7VELESE, Wik
PIL.Image.NEAREST, PIL.Image.BILINEAR, PIL.Image.BICUBIC, Zfi AR
expand- ?

center- A/ K TEFE AR | A EFE

=. BZ#H

9.resize: transforms.Resize

class torchvision.transforms.Resize(size, interpolation=2)

Thee: HERG PR

24

size- If size is an int, if height > width, then image will be rescaled to (size * height / width,
size), PATPARREIN size BEEA h*w

interpolation- ff{f /1%, BAIAA PIL.Image.BILINEAR

10.57#E4L: transforms.Normalize

class torchvision.transforms.Normalize(mean, std)

Thie: SEAEFOEES TR ENL, BSedIE, HERUAAREZ, TEELZ h*w*c
11.%°4 tensor: transforms.ToTensor

class torchvision.transforms.ToTensor

ThRE: % PIL Image B(# ndarray #4¥#:4 tensor, JfHIH—{kZ[0-1]

HEEM: H LE[0-1/2 KDL 255, 77 [ O ndarray 808 R EE 24k, MHEEAT
B,

12378 transforms.Pad

class torchvision.transforms.Pad(padding, fill=0, padding_mode="constant")

Theg: X EMRHEATHE

24

padding-(sequence or int, optional), HZ%Ue % BIHFE L /DA pixel.

2oyint i, EER R AR SIRGE int A4S, Bl padding=4, WI_ETR A BIHTE 4 4 pixel,
#i 32*32, xAE Rk 40*40.

14
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24y sequence I, #H 2 ML W MERRERT REZ D, BOMEERETR. 3
[ AN, Wk, b, A, T

fill- (int or tuple) HEAWHME AT 4 (CHIEABN constant A D o int i, &@EIEIH
FAXE, MK 3 1 tuple B, K< RGB @I 75 EIH AR I{H

padding_mode- 7w, XHEEM T 4 FIEAKA, Lconstant, HE. 2.edge %MK FT
B HG EA KIE S, Boreflect, ? 4. symmetric, ?

13U E . MHEFRMEAE.: transforms.ColorJitter

class torchvision.transforms.ColorJitter(brightness=0, contrast=0, saturation=0, hue=0)

Dife: BB R H AN A
148K ERE: transforms.Grayscale

class torchvision.transforms.Grayscale(num_output_channels=1)

ThRg: BB oy IR 1A

ZH:

num_output_channels- (int) , 2345 18, IEFEFIKERE, 2538, 3channel with r==
g ==

15.48 P25 ¥ . transforms.LinearTransformation()

class torchvision.transforms.LinearTransformation(transformation_matrix)

Ihie: SRR, FTHT AL whitening: zero-center the data, compute
the data covariance matrix

ZH

transformation_matrix (Tensor) —tensor [DxD],D=CxHxW

16 {5512 #:: transforms.RandomAffine

class torchvision.transforms.RandomAffine(degrees, translate=None, scale=None, shear=Non
e, resample=False, fillcolor=0)

Thig: DA

15
AHREIR T 25 RAE A, T2 T kAT i


../tensors.html#torch.Tensor

PyTorch R I 2Rz #(F8
1. RES

17 /M2 p B AKEE: transforms.RandomGrayscale

class torchvision.transforms.RandomGrayscale(p=0.1)

IhRE: MR p KR A MoK, 2@ IEECN 3, U 3 channel withr==g==b

18. ¥ B ¥ ¥4 PILImage: transforms.ToPILImage

class torchvision.transforms. ToPILImage(mode=None)
TiRe: K tensor B¢ ndarray IR0 PIL Image SRR
ZH:

mode- A4 None B, SN 11818, mode=3 HiEERI\FH Ny RGB, 4 @iEEkiNF# N RGBA

19.transforms.Lambda

Apply a user-defined lambda as a transform.

BT RS

. X} transforms #fE, fEHIEMEHEE RiE

PyTorch MY A ¥ & X B IR, S m] DL IX Se B E AT RENLIE . H &

20.transforms.RandomChoice(transforms)
Thge: MAEN)—F 4 transforms Hik — AN T#H:/E, randomly picked from a list

21.transforms.RandomApply(transforms, p=0.5)
Higk: 44> transform I LA, Lh—5E MMERAT R M

22 transforms.RandomOrder
Dhig: ¥4 transforms o 3R E T BEML AT AL

16
AT 5 SIS P T P i



PyTorch R I 2Rz #(F8
1. RES

BTE R B

FoEANGRT BN — RV NE, SREERNE S BRSHIGEIrE, B
B ERAEAIN R, ALY finetune(A8 5T LiE RS BUERIUALL), B e @RI E Lo

21 AW R

2.1.1 BRE =5

B, W2k nn.Module iIX 4N, ik PyTorch K& X 4N 252 —4> Module.
R, fE__init_ (self)rh 5 B 47 75 Z <204 (Wl conv. poolings Linear. BatchNorm

e, fE forward(self, x) A& SCaF <AL BEAT 4138, bR IE UK, RIS fE
R, SRR E LU T

BN K, EEY, {E/Code/main_training/main.py o] LAF B 3L T — M class
Net(nn.Module), o7& __init_ (self) &%y
def __init_ (self):
super(Net, self). _init_ ()
self.convl = nn.Conv2d(3; 6, 5)
self.pooll = nn.MaxPool2d(2, 2)
self.conv2 = nn.Conv2d(6, 16, 5)
self.pool2 = nn.MaxPool2d(2, 2)
self.fcl = nn.Linear(16 * 5 * 5, 120)
self.fc2 = nn.Linear(120, 84)
self.fc3 = nn.Linear(84, 10)

BATRVIG,, FEE X T —RHHLE, Gl Convad #IEHT convl, 5 MaxPool2d
PRI pooll, ixeb#fEI torch.nn 24, torch.nn 1 EEAE 1] 25 SR :
https://PyTorch.org/docs/stable/nn.html#.

IR E P25, AT BAE X forward(eai %, FORIE MLk 45, HE 1.
17
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def forward(self, x):
x = self.pool1(F.relu(self.convl(x)))
x = self.pool2(F.relu(self.conv2(x)))
X = x.view(-1, 16 * 5 * 5)
x = F.relu(self.fc1(x))
x = F.relu(self.fc2(x))
x = self.fc3(x)

return x

X RN, B4R, x 43 convl, ARG LI EGE R relu, FLE pooll £
1

AT THEAT R =47, R0k x 34T reshape, v T 5 Iy A1 22 2 (RN
S0, BB TATIOERAER—FF, R eEEE fo, SREAI relu;

SE7NAT, BRI A A fe3 it

Z, MR E oekE, BT DAE S AT
Flan, sEflth— M5 net = Net(), 2RJ/E3EHI inputs 532, outputs = net(inputs), Htw]
PLTS 24 H outputs.

2.1.2 BRI XYM A

b R TR SR RO R, (H AR AR N 2l 2 A R A D £ AR
X, FRATH T - Lesg ] T HRFE B IRA e SR T

X HLLL Resnet34 A 4R« BRI 8 X, IXE ARG M github:
https://github.com/yuanlairucil10/PyTorch-best-practice-master/blob/master/models/ResNet34.py
EIREL

class ResidualBlock(nn.Module):

SEHLF module: Residual Block
def __init__(self, inchannel, outchannel, stride=1, shortcut=None):
super(ResidualBlock, self).__init_ ()

self.left = nn.Sequential(

18
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nn.Conv2d(inchannel, outchannel, 3, stride, 1, bias=False),
nn.BatchNorm2d(outchannel),
nn.ReLU(inplace=True),
nn.Conv2d(outchannel, outchannel, 3, 1, 1, bias=False),
nn.BatchNorm2d(outchannel))
self.right = shortcut
def forward(self, x):
out = self.left(x)
residual = x if self.right is None else self.right(x)
out += residual
return F.relu(out)
class ResNet34(BasicModule):
SZPLE module: ResNet34
ResNet34 & £/ layer, &/ layer 3 7% Z 1 Residual block
F-F module k32 Residual block, F_make_layer p& %k S layer
def __init__ (self, num_classes=2):
super(ResNet34, self)._—init_ ()
self.model_name = 'resnet34'
# AT JLZ: BURH
self.pre = nn.Sequential(
nn.Conv2d(3, 64, 7, 2, 3, bias=False),
nn.BatchNorm2d(64),
nn.ReLU(inplace=True),
nn.MaxPool2d(3, 2, 1))
# FHEM layer, 77H 3, 4, 6, 34 residual block
self.layerl = self._make_layer(64, 128, 3)
self.layer2 = self._make_layer(128, 256, 4, stride=2)
self.layer3 = self._make_layer(256, 512, 6, stride=2)
self.layerd = self._make_layer(512, 512, 3, stride=2)

19
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# R ke
self.fc = nn.Linear(512, num_classes)
def _make_layer(self, inchannel, outchannel, block_num, stride=1):

Fy#d layer, B2 %2> residual block

shortcut = nn.Sequential
nn.Conv2d(inchannel, outchannel, 1, stride, bias=False),
nn.BatchNorm2d(outchannel))

layers =[]

layers.append(ResidualBlock(inchannel, outchannel, stride, shortcut))

for i in range(, block_num):
layers.append(ResidualBlock(outchannel, outchannel))

return nn.Sequential(*layers)

def forward(self, x):

x = self.pre(x)

x = self.layer1(x)

x = self.layer2(x)

x = self.layer3(x)

x = self.layer4(x)

X = F.avg_pool2d(x, 7)

X = x.view(x.size(0), -1)

return self.fc(x)

BRMN=ZBRHKEEZEALE X Resnetd4 [,
B4, 4% nn.Module;

Hk, B _init_ (%, 7£__init_ (O, T XERALE, self.pre, self.layerl-4,

self.fc ;

B, & forward(), Z>%H 7THE__init_ OhE X— &y, FFEAT

torch.nn.functional.avg_pool2d XM

Z, ML E LTEK
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DONEEE T2 lBAmTRe, _init_ ()BREP AR E A U, fE_init_()hHBL T
torch.nn.Sequential

H A SR R 2L_make_layer(), HA A F] 1 torch.nn.Sequential, HH LA 1
ResidualBlock(nn.Module), 7£ ResidualBlock(nn.Module)$ & — i T

torch.nn.Sequential »

torch.nn.Sequential 2|2t 4We? Joft A #AEFWE?
2.1.3 nn.Sequetial
torch.nn.Sequential 525t /& Sequential 2588, %A MK — RVNEAEIR LG IR 4k
k, HEESMH,
%111 Resnet H A 1R 2 E KL (1 block, i r LAH Sequential 75 #5388 & [th /7B ALK o

BT SO R s AN AT

# Example of using Sequential

model = nn.Sequential(
nn.Conv2d(1,20,5),
nn.ReLU(),
nn.Conv2d(20,64,5),
nn.ReLU()

)

# Example of using Sequential with OrderedDict

model = nn.Sequential(OrderedDict([
(‘convl', nn.Conv2d(1,20,5)),
(‘relul’, nn.ReLU()),
(‘conv2', nn.Conv2d(20,64,5)),
(‘relu2', nn.ReLU())

)

INGE

R E SOt ek, HEE, mad%R.
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HAr B AR H A0 M torch.nn F3REL, 23 M torch.nn.functional F13REL, RN T J5{#
FEMHAM, TLME Sequential 288K — RFIA ALK, #JE1E forward() sk 4ok
IR WG 2H A 2H 2 AR AR Y

2.2 AEAVSE B+ %

BN TRRLE D, BRE SRR, A 1A T B BUB AT A4
e, ARGk,

WIS TT R = RS SRR U S S 75, AEAV/INT, R R A0 T i R s AT 4
.

2.2.1 BUEATSEACTRAR

- ks
I,

—&, Sttt AR ARIa Tk, WA A torch.nn.init 45 H
B, MR, PATIZRE, BIATSE TR AL -

i

HATE GRS 2, 155G main.py 552 A
# € XBUEIIRE
def initialize_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):
torch.nn.init.xavier_normal_(m.weight.data)
if m.bias is not None:
m.bias.data.zero_()
elif isinstance(m, nn.BatchNorm2d):
m.weight.data.fill_(1)
m.bias.data.zero_()
elif isinstance(m, nn.Linear):
torch.nn.init.normal_(m.weight.data, 0, 0.01)
# m.weight.data.normal_(0, 0.01)

m.bias.data.zero_()

22
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X BACHS IE AL X R, Je M self.modules()Fils i — 2, ARG HIM& 2R T4
FAL, Hln, 272 nn.Conv2d. nn.BatchNorm2d. nn.Linear 55, #RJ5HRIEAFIZEALN
2, WEANEIBUERIE T, #ltn, Xavier, kaiming, normal_, uniform %%,

Ps: kaiming tHFR 2 A MSRA HI#a4L, 4FEA I BIEAEMPOE NI e, R4 .

KEFH —ATREGH T self.modules(), JEESTE torch/nn/modules/module.py H
def modules(self):
for name, module in self.named_modules():
yield module
Thfes&: Returns an iterator over all modules in the network. BEAK VIR [RIEERY 1 (1% 2,
il

> m = {Conv2d} Conv2d(3, 6, kernel_size=(5, 5), stride=(1, 1))

A, FIW mRRA, BT AR, ATLAE BT m & T Convad 287, AT N
IR
torch.nn.init.xavier_normal(m.weight.data)
if m.bias is not None:

m.bias.data.zero_()

PL_EARAD 27~ % ] torch.nn.init.xavier_normal J73E%1Z 2 1 weight BET #1441k,
I W A 5 A7 1 I B (bias), #5/77E, 4 bias ¥l N4 0.

X, ZBESVIREE, SRULERRE, AWHE PR R, A e
IRtk .

2.2.2 W BRI T

PyTorch 7£ torch.nn.init &L 15 MGk 3, X B, T8 Al
.
MH PG

>

1. Xavier, kaiming 7%
2. HAhT7EE A

23
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Xavier #Ji54L 773, 34 (Understanding the difficulty of training deep feedforward neural
networks )

NAHEF RN T Z—FE K, WA 20T B 2 0 AT RIS 70 A P A

1. Xavier ¥y51 445

torch.nn.init.xavier_uniform_(tensor, gain=1)

xavier ¥Ia6 477 iR I ) 5340 U(=a,a) » 70 AT 1234 a = gain * sqrt(6/fan_in+fan_out),
XA gain, 8233 AR/ RIS B0 R BB BUE

eg: nn.init.xavier_uniform_(w, gain=nn.init.calculate_gain('relu’))

PS: EiR¥IMG4k 7715, WM Glorot initialization

2. Xavier IEA& A

torch.nn.init.xavier_normal_(tensor, gain=1)
xavier HIAEA 715 IR IEZS 7310,

mean=0,std = gain * sqrt(2/fan_in + fan_out)

kaiming ¥Ii61L 77, wWCAE ( Delving deep into rectifiers: Surpassing human-level
performance on ImageNet classification) , /A xUHE S [FIFE<T7 22— Hivk,  kaiming
FEEER xavier AR TTIEAE relu iX— 0% BRI st VRN IS E
pa

3. kaiming Y534 45

torch.nn.init.kaiming_uniform_(tensor, a=0, mode="fan_in", nonlinearity="leaky relu")
WAIE A, U~ (-bound, bound) , bound = sqrt(6/(1+a”2)*fan_in)

v, a AEGE B R RIRIRER, relu 20

mode- %A fan_in B¢ fan_out, fan_in i 1E L HER, 77 25— EL; fan_out i 2 [ A& #& 1,
TE—H

nonlinearity- A% relu Al leaky relu , ZRINE AN . leaky relu

nn.init.kaiming_uniform_(w, mode="fan_in', nonlinearity="relu’)

24
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4. kaiming IEA AR

torch.nn.init.kaiming_normal_(tensor, a=0, mode="fan_in", nonlinearity="leaky relu®)
oA 0 BMEIER 04, N~ (0,std), Fiob std = sqri(2/(1+a”2)*fan_in)

Hrr, a NBEOE B SRR R, relu /20

mode- Ji%>A fan_in B¢ fan_out, fan_in i 1E L &R, 77 2= —F;fan_out { I [AIAL F& I,
T E—

nonlinearity- A% relu 1 leaky relu , ZRIMEAN . leaky relu

nn.init.kaiming_normal_(w, mode='fan_out', nonlinearity="relu’)

2. FAih

5. RN AHIIEMNL

torch.nn.init.uniform_(tensor, a=0, b=1)

B IR NI 2 7341 U(a,b)

6. IESARVIIEN

torch.nn.init.normal_(tensor, mean=0, std=1)

fEE AR M IEAS 204 N(mean, std), ZRiIME N 0, 1

7. HEAIIEAL

torch.nn.init.constant_(tensor, val)

1§18 A& 4 val nn.init.constant_(w, 0.3)

8. HAIREFEHIIALL

torch.nn.init.eye (tensor)

¥ —4E tensor HILAM N FALEERE (the identity matrix)

25
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9. IERAIEAL

torch.nn.init.orthogonal_(tensor, gain=1)
143 tensor ;2 1IEXZ I, #©3C:Exact solutions to the nonlinear dynamics of learning in

deep linear neural networks” - Saxe, A. et al. (2013)

10. AL

torch.nn.init.sparse_(tensor, sparsity, std=0.01)
MIEZ 530 N~ (0. std) HEATMEiA, 85— column H #4540
sparsity- &—~ column F&Ei I ELB], RIS 0 ) LLA

nn.init.sparse_(w, sparsity=0.1)

11. HEMER

torch.nn.init.calculate_gain(nonlinearity, param=None)

nonlinearity  gain

Linear / Identity 1

Conv{1,2,3}D 1

Sigmoid 1
Tanh 5/3
RelLU sqrt(2)

Leaky Relu sqrt(2/1+neg_slop”2)

BUBATHR LR

1L WA REL, BIEAEAT IR, BATERBUEBA NS, RAHK, XS EZ
FEAT A IR e 2
sz, FEQIEE ML S A RE b, — B A nn.Conv2d FRI i it 2 A X BUBEREAT W26 4L
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WIEA T FE R TE Conva2d 13428 ConvNd HHiEAT I, KREB K F:
class Conv2d(_ConvNd):

--> {E_ConvNd -

--> self.reset_parameters()

---> def reset_parameters(self)

---> self.weight.data.uniform_(-stdv, stdv)

A& BRI RELI 51040, Horb-stdv 5 kernel ] size B¢, 7 41 I A& 7T DA 32
torch/nn/modules/conv.py 1 HJJEACHS .

#N7E: 7E PyTorchl.0 A, X H M T kaiming_uniform_(iEAT #8614k, KK A
torch/nn/modules/conv.py #1#]_ConvNd ZEH 15 4L reset_parametersz()+ & RV 4H 7
e

2. %% € XA TTIE, it
if isinstance(m, nn.Conv2d):
n = m.kernel_size[0] * m.kernel_size[1] * m.out_channels

m.weight.data.normal_(0, math.sqrt(2. / n))

2.3 &8 Finetune

b, AT BRERBUERIAEAG, LA PyTorch H Ay IIBUE I 461 752 s B . 384T
KB RIFRBUERIGRAE, PTG SR Bk, L 2] DISRAG SEAFHOREBE . T 7E SERR
RLFIAR, FATE KA LI B R R AUE ZEE R BA TR IR L 2 5L,
WARZ A Finetune, 5632 FRZ NIER ¥ 2. 1T %% 2J 1 Finetune HoR, AT F it/
AT AR, A — N RIBUEHIAG 1A -

finetune BUEXIIAIL =20 i, finetune WLAH = T4 REAT WIMA 1L, HAEItHI =20

B R, I — DI ZREER
b IR, SR SRR BB R R
F=ob WG, REBUERT R T8 B Er iR A v

—. Finetune Z SUE¥IEE4L
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FEREAT finetune Z RTFRATT Z A — MER BE RS K, HILH 2 T L A7

B, BT SRt T AR RAF R (T, AR R, A — MR AU OR AR
BMZH CETTEE RO, RERAE TR %,

BB REFRAUSH
HIEERSH, W5,
BRI 7 —> net = Net(), Jf HZUIZK, L LLTJ5 s URAE

torch.save(net.state_dict(), 'net_params.pkl’)

FETW: INBER
AT =2 B D, I, X BRI 1) 24

pretrained_dict = torch.load('net_params.pkl’)

FE=0 WIEK
BEAT =R P S =00, KB ROAUE, 0T B BT AR A v
B RRATE A Y, JF HARBCHT A 1 247 04 net_state_dict:
net = Net() # % net
net_state_dict = net.state_dict() # FHELE G817 net 1) state_dict

& pretrained_dict HLANE T net_state_dict [ 5 BR

pretrained_dict_1 = {k: v for k; v in pretrained_dict.items() if k in net_state_dict}

R, TN R S8y X B R () 2407 3 net_state_dict ZEAT BT

net_state_dict.update(pretrained_dict_1)

e, RS T 2SR T e ml B 2%

net.load_state_dict(net_state_dict)

KFE, RN AR S B0 R (O BUELEAT DA A I Rt e 1
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K H finetune AYYIZRERE S, A A BRTTHZ (K5 2 K — L8, BURAEIRR, M
Ja T (R AR SR I 7 2] A K2 X R B AN R 0 JZ BEE A R 20 2, T Tt
I ERIT AN R 2 B AN R 57 2] 2

= AABEREAFREIR

TEFIH pre-trained model HIZEUHI Mt 2 J5, FATATREARLL fc JZ B HT AT P — Lk,
T A S A0 T OBUE BN —L28, X gin] PUB I VAR JE B B AN R 1) 25 2 R kA B sk B
H o

NAFEZEREARRZ R, FEELISE 2N SEARETREARNSE. T
LL, R ERFEIENSEA, R M, BEEZNSHA, Raanldrs iy
KRG FIRSHE D) 0 i fe3 RSB RS HL, Oy 13 R E RN %K,

HE S
ignored_params = list(map(id, net.fc3.parameters())) # R[5 (¢) /& parameters f] PIA7HbIE
base_params = filter(lambda p: id(p) not in ignored_ params, net.parameters())
optimizer = optim.SGD([
{'params': base_params},

{'params': net.fc3.parameters(), ‘lIr':' 0.001*10}], 0.001, momentum=0.9, weight_decay=1e-4)

—AiT+ B ATHEEB R, ¥ fc3 EMZH net.fc3.parameters() MR 1655k
net.parameters() * 525 Sk
base_params Hi 2RI & | fc3 ZHISHMIH RS, RGNS TN fc3 RS HURMiX
EFE

optimizer = optim.SGD(......)ix B & Bk /& base_params H[#1)Z, F 0.001, momentum=0.9,
weight_decay=1e-4

fc3 2w EF % N:  0.001*10

SEHEARILA T /Code/2_model/2_finetune.py
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*h7e:

Pk R T 12 BN R R WA AR i 8 2 4t B 7R B E TR 4 2
B, MWERISEFSE.
base_params f&—A> list, #FA>JuE & —> Parameter 2%

net.fc3.parameters() #&—> <generator object parameters>

ignored_params = list(map(id, net.fc3.parameters()))

net.fc3.parameters() J&—-{><generator object parameters at 0x11b63bf00>
BT LLIZAR IR [ H A ) parameter, X HL4 weight A1 bias

I 31 ] weight F1 bias FT7E YA kit
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B=F mEREHSMNER

WA AT, FATES AR, SO, BN oRBUR RS E R R, H
RGPS BEAT AL N ZR) R . A= b, RS 4d PyTorch FRR LM K BRI
TARACAS NS 22 2 AT i

3.1 PyTorch &+t % B &

FATFruL I fete, BIUEAL I BUE A 10 % s AR /N o B, BURPRBUEAS NS
REARILAL 1 73 /I ARS E AL e ? B4 Z R R B AL, BOZ AT #60e 2 5K 1
PyTorch s i i+ 2k R 20 .

WHIZATIERRD, RIDHE AR, A FatE, XUHT BT B AR % ok A3 .
A/NICEAMS:  /Code/3_optimizer/3_1_lossFunction

1. L1loss
class torch.nn.L1Loss(size_average=None, reduce=None)
B SR F A reduction="elementwise_mean'Z 4, (HACILSZILH & MIBR1ZS %0
Thie:

TH5 output 1 target 2 ZEHIZENHE, AR B[R 4EFE ) tensor B35 & —Min .
HHEAK:

f(x,y)=L={ll,...,lN}T, ln=|xn_yn|
¥
reduce(bool)- & [FIME 2 T Nbn i, ERIN True
size_average(bool)- 34 reduce=True IG5 2. A True i, iR [BIf loss A F¥IME; N False
I, IR [BIRSFEACH loss 2 Al
SEH1
/Code/3_optimizer/3_1_lossFunction/1_L 1L o0ss.py

2. MSEL.oss

class torch.nn.MSEL oss(size_average=None, reduce=None, reduction="elementwise_mean")
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B 77 RS A5 reduction="elementwise_mean'Z:#, {HARISZILH LA MR 1% S5
ThgE:

THE output F1 target < ZE/I°F-J7, Wik B[R 4EFE 1) tensor B & —MrE .
HHEARK:

£y)=L={l, o v}y b= (= 3n)

ZH:
reduce(bool)- i [FIE 2 & NbrEE, BRINJY True
size_average(bool)- 24 reduce=True I G %L, N True i, R[EH) loss A F-#)MH; A False
I, JR[8] )& FEAS ] loss Z Al

S
/Code/3_optimizer/3_1_lossFunction/2_MSELo0ss.py

3. CrossEntropyLoss

class torch.nn.CrossEntropyLoss(weight=None, size_average=None, ignore_index=-
100, reduce=None, reduction="elementwise_mean")
Thie:

i N2 softmax S BB 5, FRTFEILS target IOZZ XOR§Hk . BIZTT ik
nn.LogSoftmax()Fl nn.NLLLoss(iFT T &5 . oAk B X b 148 R0 2k sh BN 1% /2
nn.NLLLoss()

AT INMREE R R R

A& 45 K (cross-entropy Loss) MR AT BUISA T 2% (Log-likelihood Loss). X %45
Py T RIIEATAR 2 i AR e (2] 451 2K (Logistic Loss). 28 Xk s B RE Xy L=
- sigama(y_i * log(x_i)). pytroch ix FLA =i 5 S B AE SURB R 3L, 112 264 input £
i softmax HIHKE, K EH MR ER, AR5 5 target THR R S L _EAZ X
k.
TEZ 7 RATES5 T, AHCR A softmax S R E+ A2 SRR R B8, BN A SR IR 179 A
oA ZES, RN 25 K2, I ARME MK Pl 2 softmax
PO RO — A B AT A R A TR R S SR 5 R R 2 5 loss.
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T [n] i PyTorch [#) CrossEntropyLoss(), ‘& 77 SCESHH$2 2K nn.LogSoftmax()
F1 nn.NLLLoss()i1T 7454, nn.LogSoftmax() A4 TSR % ,  nn.NLLLoss() 21K
B, KHgsE, SEEMEE T AN softmax+32 X5 2% ek He ?

HHAK:

exp(x[class]) ]
loss(x, class) = — log(i) = —x[class] + log( E exp(x[]]))
2; exp(xljl) ;

S8

weight(Tensor)- &I loss W EAUE, T RAALE M. weight 2702 float
KA tensor, HACEEZE TR C —3, BIEE—REE R B A weight. 7 weight 1t
HAN:

loss(x, class) = weight[class] (—x[class] + 10g(2 exp(x[i])))

i
size_average(bool)- 24 reduce=True I G 2. N True B, R[EH) loss A F-#)MH; A False
I, JR[B[ )& FEAR Y loss Z AT
reduce(bool)- & [FIME 2T bR, ERIAH True
ignore_index(int)- ZHgHE—5, ATHHEI loss, H loss 2240, JFH, 7EXH
size_average i, Ao THEI—Z8M loss, B IG5 BEHA S Gt I — R R
S

/Code/3_optimizer/3_1_lossFunction/3_CroosEntropyLoss.py
#h7E:

output AMYFTLUZ a1, IER] DLZ2EF, BIAEUREHT R R R 028, XA a] LA
M NLLLossO"H A 2, XAEEUG > #1ZHIRA
4. NLLLoss

class torch.nn.NLLLoss(weight=None, size_average=None, ignore_index=-
100, reduce=None, reduction="elementwise_mean")
Thie:

AR EERA LG A THE AR loss(input, class) = -input[class]. 2545, =
4yAES, input=[-1.233, 2.657,0.534], FLIAREEN 2 (class=2) , M| loss /4-0.534. Hfi /2
PR B, BN S ISR NLLLoss (144 7% 1 .
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SEBRILH :
WHT 2045, Hi2 input ZE4 N NLLLoss() 2 B, 75 2% input #E47 log_softmax £& %k
Wik, BPE input B3 sRNER - A R, JF B EL . HSix 2P IRYE CrossEntropyLoss
R, WERAAELE M 2% 1) 55— 2 A2 log_softmax =11, 5T LR CrossEntropyLoss
e R L
S8
weight(Tensor)- J9&E NI loss W EAUE, AT RAAL M M. weight 402 float
AU tensor, HAKEFE T C —5, BIE—NEHERE R EH weight.
size_average(bool)- 4 reduce=True G % N True I, Ix[81f¢] loss YRR AR E 2 FIHI T2y
fE: v False Itf, 3R [Al )& FEAIR loss Z Al
reduce(bool)- & [FEE S AbsE, BRIAH True.
ignore_index(int)- ZEgHE—5, ATHEH loss, H loss 2240, FEH, 7EXH
size_average i, Ao THEIB—M loss, B MIRHER 3 BEHA S it I — R,
S

/Code/3_optimizer/3_1_lossFunction/4_NLLLoss.py
RERVER:
LH: KU, reduce = True, size_average = True, HitH AR N:

ZN_l - 1 l,, if size_average = True,
f(.x, y) = n= Zn:] Wy,
N e
anl I, if size_average = False.

#4024 input “A[[0.6, 0.2, 0.2], [0.4, 1.2, 0.4]], target= [0, 1], weight = [0.6, 0.2, 0.2]
I1=-0.6*0.6 =-0.36

12 =-1.2%0.2 = -0.24

loss = -0.36/(0.6+0.2) + -0.24/(0.6+0.2) = -0.75

5. PoissonNLLLoss

class torch.nn.PoissonNLLLoss(log_input=True, full=False, size_average=None, eps=1e-
08, reduce=None, reduction="elementwise_mean")
DhRE:
HIT target IRAVEFA 73 A B 7 SRAE 55
HE AN

target ~ Poisson(input)
loss(input, target) = input — target * log(input) + log(target!)
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log_input(bool)- A True i, 52420 N: loss(input,target)=exp(input) - target * input;
A False B, loss(input,target)=input - target * log(input+eps)
full(bool)- A& iHE 2 HBIM loss. B4, KA A LR i, 1A
target*log(target) - target+0.5+log(2ntarget)
eps(float)- 4 log_input = False i, K5 ibi15 log(0), Mg — MEIED. Rl
loss(input,target)=input - target * log(input+eps)
size_average(bool)- 4 reduce=True B 2. H True i, R[AI) loss Jy-F-#41E; N False
I, 3R [E] % FEAH] loss Z Al
reduce(bool)- & [EIE 2 & NbrEE, BRINJY True
Sl

/Code/3_optimizer/3_1_lossFunction/5_PoissonNLLLoss.py

6. KLDivLoss
class torch.nn.KLDivLoss(size_average=None, reduce=None, reduction="elementwise_mean")
Thie:
THE input A target 2 [8] i) KL #% % ( Kullback-Leibler divergence) .
HHEAR:

lx,y) =L:={lL,....In}, ln =y, (10gy, —xu)

U A RIS FIN5, UEBHTFE A S EIX A, HE N A AR x_n THE XL
g2 )

78 KL BE
KL &% ( Kullback—Leibler divergence) S FrJyAH% ¥ (Relative Entropy), F T-Hliik B4
MR A 2 [ ) 22 57 THEE A G BN

D(pllq) = Z p(x) log

Horr p o HSEL0M 4, q 2R p G0, D(PIIQ)E R 2 IR0 q SRtk & K sE
oA p I, PAERE B, X EKESSRE, WL, SURBAR, WS g
L FCSR A po RIS A O A — R BRI AN A, RITHSIZ p 5 q 2 18]
xS = p ERITRE.
FealER, D(pllg) #D(qllp),  FHAFAXSFRE, FHEARRN K-L BEE.
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%‘l%\m = &X% - *ﬁxﬂ‘m
MERRMEME =3, HXFZNEEM = 26 - HXHE. EhLds>dh, HilgE
Wil g, HMEAHXS R D(plla) &40 T /MESZ SRS H(p,g) -

ZH:

size_average(bool)- 4 reduce=True B %L N True i, IR[AI loss T4, “FIIMEN
element-wise 1), TIARESTEEANI 15 A False B, IR A2 S FEA S 4E R loss Z o
reduce(bool)- R [FME & bR, BRI True.

1o FHVE R 0
BUESAS HIER) KL B, 77200 F A
1. reduce = True ; size_average=False

2. A FK loss E X} batch #4735k 15

Sl

/Code/3_optimizer/3_1_lossFunction/6_KLDivLoss.py

7. BCELoOoss

class torch.nn.BCELoss(weight=None, size_average=None, reduce=None, reduction="element
wise_mean")
Thie:

T AT S IR X THE PR A R R AT LA 2 nn.CrossEntropyLoss bR £ FIRE
Bil. HArRBRE NI, y uaiR{0,1}. EFHEERNEZ, input Bz AMEZ5 ATz
Ko XFEAFFEAE XN . FrbAfE BCELoss Z |, input — A sigmoid 0% 2 1%
e B0 TR IR LRI o 1240 Sk BRI E b ds o H
HEAR:
£y)=L={h,....Ix}"s I =—wy [ynlogx, + (1 = y,) - log(l —x,)]
weight(Tensor)- &N loss BEBEAUE, F T 28B4 16 ) 8
size_average(bool)- 4 reduce=True B 3. v True i, R[EI loss J9~F351E; M False
I, 3R A1 S FEACH] loss 2 Al
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reduce(bool)- & [FI{E &5 NbrE, BRI True
8. BCEWithL ogitsLoss

class torch.nn.BCEWithL ogitsLoss(weight=None, size_average=None, reduce=None, reductio
n="elementwise_mean', pos_weight=None)

Thke:

# Sigmoid 5 BCELoss 454, MLl CrossEntropyLoss( nn.LogSoftmax()F1 nn.NLLLoss()
HATEES) o Bl input 285 Sigmoid G EEE, K input 2B AR 4 A T

HHEAR:

£, y)=L={l,....In}, In=—w, [ta - logo(x,) + (1 = 1,) - log(1 — 6(x,))|
o() #7~ Sigmoid BR %
FelHh, 4 weight B

ln = =Wy [pntn - log G(xn) + (1 - tn) - log(l - J(xn))]

24
weight(Tensor)- : >4 batch A BAANEEAC U B AU, 1f given, has to be a Tensor of size “nbatch”.
pos_weight-: IEFEAIRLEE, 4 p>1, AR, 2 P<l, #REREHE. A& 2R A bl
2 (Recall) AR s £ (Precision) FIfE A . Must be a vector with length equal to the number of
classes.
size_average(bool)- 4 reduce=True 45 % N True i, 3R[AI(¥) loss T #51E;: v False
I, 3R Al FEASH loss Z Al
reduce(bool)- & [HME A NbrE, BRINJY True
9. MarginRankingLoss
class torch.nn.MarginRankingLoss(margin=0, size_average=None, reduce=None, reduction="
elementwise_mean")
ThE:

THE P ) B 2 T R ARALARE 4 [ B TRT PR B RS KT margin, T loss J91E, /NT
margin, loss A 0.
HHEAK:

loss(x, y) = max(0, —y * (x1 — x2) + margin)

y==11, x1 Etbx2 K, A AEH loss, k2, y==-1 i, x1 EL x2 /N, FA4%
A loss.
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margin(float)- x1 Al x2 Z [A] 1) 22 3¢

size_average(bool)- 4 reduce=True B %L A True i, IR[AIf) loss - F-#41E; N False
I, 3R Al & FEACH] loss 2 Al

reduce(bool)- & [FI{E 25 NbrE, BRI True.

10. HingeEmbeddingLoss

class torch.nn.HingeEmbeddingL oss(margin=1.0, size_average=None, reduce=None, reductio
n="'elementwise_mean")
Thee:

KA NPOURIRE, FEHTAEMN DA S AHEL.  used for learning
nonlinear embeddings or semi-supervised -

HEAR:

I = {Im if}’” = 15
"7 lmax{0,A -x,}, ify,=-1,

margin(float)- ZRINME N 1, HEMZEE.

size_average(bool)- 4 reduce=True 4%, H True i, 3R[AI(¥) loss - F-#41E: v False
I, JR[B[ )& FEAS Y loss Z AT

reduce(bool)- & [HME 2 & bniE, BRINJY True.

11. MultiLabelMarginLoss

class torch.nn.MultiLabelMarginLoss(size_average=None, reduce=None, reduction="element
wise_mean")
Theg:

HT—MFERE T Z A F 1 RS Bl — N 2KE5%, A XBTHO
K, BLE AmTH23E H3K
HEAR:
max(0, 1 — (x[y[1] — x[il))

x.size(0)

loss(x, y) = E

ij

where i == 0 to x.size(0), j == 0 to y.size(0), y[j] = 0,andi # y[j] for alliandj.
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XIylll & FEA x AR HE, X[ ANSE TS84t

24

size_average(bool)- 4 reduce=True B 2. J True i, R[AIf) loss Jy-F-#41E;: v False
I, 3R (Al & FEACH] loss 2 Al

reduce(bool)- i [FME 2 & NbrEE, ERINY True.

Input: (C) or (N,C) where N is the batch size and C is the number of classes.

Target: (C) or (N,C), same shape as the input.
12. SmoothL1Loss
class torch.nn.SmoothL 1L oss(size_average=None, reduce=None, reduction="elementwise_mea
n’)
ThRE:
T L1 #1%%, J&T Huber Loss H I —FH(F 2500 FEEHN 1 T).
A7
Huber Loss i F T~ [B1 V= r) @, H A R HRr R0 B RF A Coutliers) o T A AN
AR A
NS WAE

ca

’ >N

sW—f@)  forly - fz)| <4,

L&(ys f(m)) = {5|y . f(m)| . %52 otherwise.

PR, HIRELSHEANT O, K L2 Hik: HAT O, K L1 Hisk.

5] 1] SmoothL1Loss, iX & O=1 ) Huber Loss.

WEALA:
loss(,) = — ¥
oss(x,y) = — ;
y n 4 Z
where Z; is given by:
4 = { 0.5(x —y)?,  iflm -yl <1
' |x; = y;| = 0.5, otherwise
XN AT 2
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size_average(bool)- 24 reduce=True B4 % H True i, R[AIf¢] loss - F-#41E;: v False
I, 3R 5] A FEAR) loss Z Al

reduce(bool)- i [EME 2 & NbrEE, BRINHY True.

13. SoftMarginLoss

class torch.nn.SoftMarginLoss(size_average=None, reduce=None, reduction="elementwise_me
an’)

Thie:

Creates a criterion that optimizes a two-class classification logistic loss between input tensor xand
target tensor y (containing 1 or -1). CHNBEANEELH, A 7R AR ! D
HHERAK:

log(1 + exp(—yli] * x[il))
x.nelement()

loss(x, y) = Z

i

¥

size_average(bool)- 4 reduce=True B4 %L N True i, IR[AIf loss T #41E; A False
I, 3R [E] S FEAR) loss 2 il

reduce(bool)- & [EME 2 & Nbn i, BRIN True.

14. MultiLabelSoftMarginLoss

class torch.nn.MultiLabelSoftMarginLoss(weight=None, size_average=None, reduce=None, r

eduction="elementwise_mean")
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Thke:
SoftMarginLoss Z 325k A, a multi-label one-versus-all loss based on max-entropy,

HEAR:

loss(x,y) = = Y, yIil * log((1 + exp(~x{i))™) + (1 - y[i])#lcg( exp(—xli) )

(1 + exp(—x[i]))
S8

weight(Tensor)- NEEAN SR loss BB AUE . weight 242072 float 257U tensor, KT %
T3 C —3, R —DEAHEBRE A weight.

15. CosineEmbeddingLoss

class torch.nn.CosineEmbeddingLoss(margin=0, size_average=None, reduce=None, reduction
='elementwise_mean’)
Thee:

Fil Cosine BRIk i &9 M N A& 75 AH1EL.  used for learning nonlinear embeddings or
semi-supervised .

HEAR:

1 — cos(xy, x2), ify==
max(0, cos(x;, x;) — margin), ify==—1

loss(x, y) = {

margin(float)- : HUEJEHE[-1,1], & E LR [0, 0.5]
size_average(bool)- 24 reduce=True B4 % J True i, 3R[AI(¥) loss T #51E;: v False
I, 3R A1 & FEART] loss 2 Al
reduce(bool)- & [EME 2 & bR, BRINY True.
16. MultiMarginLoss
class torch.nn.MultiMarginLoss(p=1, margin=1, weight=None, size_average=None, reduce=N
one, reduction="elementwise_mean")
ThRE:
THE 2 3 T TR
HHEAN:

Y max(0, w[y] * (margin — x[y] + x[i]))")

x.51ze(0)

loss(x, ¥) =
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HAr, 0<y<x.size(1); i==0to x.size(0) and iy; p==1 or p ==2; W[y N &5 1]
weight.
S8
p(int)- BRIMEN 1, XATiE 1 80 2.
margin(float)- ERIAE N 1
weight(Tensor)- &I loss B EAUE. weight %212 float FAY[1) tensor, FHAKHEZE
T C —3, R —DEAHEBRE A weight.
size_average(bool)- 4 reduce=True B 2. H True i, R[AI) loss Jy-F-#41E; N False
I, 3R [E] % FEAH] loss Z Al
reduce(bool)- & [EME 2 & NbnEE, BRINHY True.
17. TripletMarginLoss
class torch.nn.TripletMarginLoss(margin=1.0, p=2, eps=1e-
06, swap=False, size_average=None, reduce=None, reduction="elementwise_mean")
ThRE:
THR=JuUR, NRSE & H .
W~ Anchor. Negative. Positive, H#rs&il Positive JGF1 Anchor Jt. 8] ¥ #E B v] BE Y
/N, Positive JGI1 Negative T2 [8] ) B Al HER) K.

=

Negative f \%
Anchor g LEARNING e
- S *— Negative
~® Anchor
Positive Positive

M2 EF, Anchor oAl Positive o2 [ H & I —A threshold 2 J5, ZZ/hT
Anchor 7G5 Negative 762 [0 i #E2 .
a P2 a n||2
|2f — |, + threshold < [|f — =7,
HHEAN:
L(a, p, n) = max{d(a;, p;) — d(a;, n;) + margin, 0}

whered(x;, i) = ||x; — y;l,.-

margin(float)- ERINE A 1
p(int)- The norm degree , ERIAME A 2

42
AR5, 2T IS



PyTorch R I 2Rz #(F8
1. RES

swap(float)— The distance swap is described in detail in the paper Learning shallow convolutional
feature descriptors with triplet losses by V. Balntas, E. Riba et al. Default: False
size_average(bool)- 4 reduce=True B %L A True i, IR[AIf) loss - F-#41E; N False
I, 3R Al & FEACH] loss 2 Al

reduce(bool)- & [FEE S AbrE, BRIAH True.

3.2 kB Optimizer

A AN R E , RS IABCA R D22 e, SR MBI - ad
AR AL (Optimizer) RHZAALFEAT AL o

AHTRES A PyTorch HARALES IR 7 1% (R0 AERI D53k, R —/N1TR 2 PyTorch
FHRASE A o

P2 EE2K Optimizer

PyTorch A B4 ES (: optim. Adadelta. optim. SGD. optim. RMSprop £§) ¥ 4&
Optimizer B F2%, Optimizer HE X T —¥ K J57E, H zero grad().
step(closure). state dict(). load state dict(state dict)fl

add_param_group (param group), AKFEe——NH.

3. 2.1 ¥4 (param_groups) KIHES

IR Optimizer MIJNVEZHT, 27— MME, MESHA (param_groups) . f£
finetune, FZEM|FAR, FHEYVAIRETHME D, MBS HAME, FitE%k
TSRS ARE AL E,

optimizer XZHAEH I T HIME, TLCAR ~HSHIEREN

1r, momentum, weight decay Z54&,

ZHUAFE optimizer PRI N—A 1ist (self. param groups), FHHPEFNILERZE
dict, Brn—NSHLHAANEE, 7F dict S params’ « " weight decay . " 1r .
" momentum’ ZEFER .
imj:

/Code/3 optimizer/3 2 optimizer/l param groups. py

3.2.2 zero_grad()
Thilt: AR,
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HiT PyTorch A BaliE T, P LAERE— RSB AT AT B A
eyE

/Code/3 optimizer/3 2 optimizer/2 zero grad.py

3.2.3 state dict()

hRe: SRPUER RTINS, D— a7 B aGR [El .
RN, key ZBRSHA, value RS
eyE

/Code/3 optimizer/3 2 optimizer/3 state dict.py

3.2.4 load state dict(state dict)

Theg: ¥ state dict HHISHINEBMATES, HHT finetune.
Sl

/Code/3 optimizer/3 2 optimizer/4 load state dict.py

3.2.5 add_param group ()

ifg: 45 optimizer HIMSEAH TG IN—HBE, " HRHASHER 1,
momentum, weight_decay %5, 7E finetune " .

#4n: optimizer 1.add param group({ params’ : w3, '1r’: 0.001, ’momentum’ :
0.8})

S

/Code/3 optimizer/3 2 optimizer/5 add param group. py

3.2.6 step(closure)

Dife: AT —PRUESEH, Hha e NS 8 closure (— M) o 1, %KM LBFGS
WATTIERS . FEZ R, RS EEAN DR R EATER 1T Loss
o
for input, target in dataset:
def closure():
optimizer. zero grad()
output = model (input)
loss = loss_fn(output, target)
loss. backward ()
return loss
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optimizer. step(closure)

PO RRYERD a5z, YRASAI T torch/optim/optimizer. py: class Optimizer (object)

3.3 PyTorch 8 +AME L8

E—i, AR T IE AR EESE——Optimizer 25, £ Optimizer FHENT 54
SHMEEATE, B THET Optimizer 28, (HZIETOVEM EE—ANBRRALINZS R AGES .
FEANFIH, K44 H PyTorch $REER-HARALES, A% WI¥ SGD. ASGD. Rprop.
RMSprop. Adam %555, X HLE UL kel ds, HI&A fbeetlift i, BN PyTorch H
4IRS SRR SO IR MR Tk, 2 2R SE), ISR E AR

1. torch. optim. SGD

class torch.optim.SGD(params, Ir=<object
object>, momentum=0, dampening=0, weight_decay=0, nesterov=False)
ThRE:

Al SEEL SGD AR EEE, Bl SGD Ak E, A5 NAG (Nesterov accelerated
gradient) & SGD AL HE, - HIY A #1E weight decay T,
params (iterable) - SHH (SHAMMEEESE 3.2 L8R3 Optimizer), RILEY
BUE IR 7 24
Ir (float) - ¥HH 213, W4 HEE I Zhid FEAS Wi 5 o 3] 22
momentum (float)— zh&E, WHFEXENO0.9, 0.8
dampening (float) - dampening for momentum , #HIA T HINEE, FEIRID 2 XA
BJ: buf.mul” (momentum).add (1 — dampening, d p), EEFENZE, &HXH
nesterov, dampening 40K 0.
weight, decay (float)— AUEZEIRARE, Wmt/E L2 IEMIK R

nesterov(bool) - bool iEIi, &M NAG (Nesterov accelerated gradient)

ERE:

pytroch A SGD +7> T EE R g, SR A 5 HABHESERE AT AN ) !
PyTorch H2 X FERY:

V=P *vtg

p=p—lr*v = p — lr*p*v — lrxg
45
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HARMESR

v=p *xvtlrkg

p=p—v = p — P v — lr*g

o RBNE, vIEEFE, g RMHE, p RS, HSLENEZL o +v X0, PyTorch Hui

I T —/ N5 2 #,
2. torch. optim. ASGD

class torch.optim.ASGD(params, Ir=0.01, lambd=0.0001, alpha=0.75, t0=1000000.
0, weight_decay=0)
Thie:

ASGD BN SAG, FFRBENLF-¥BA T % (Averaged Stochastic Gradient
Descent), &t ASGD w2 HI 725 [ i) (8] () —Ff SGD, PR4HA] Z2H48 3
http://riejohnson. com/rie/stograd nips. pdf
W
params (iterable) - ZHH SHHMMEEAE 3. 1 JiHIEIE: Optimizer), RALA
BRI L S
lr (float)— ¥JAR 1%, WHZHRANZE AN %,
lambd (float) — BRI, ERIME le—4.

alpha (float) - power for eta update , EKiAfH 0. 75,
t0(float)— point at which to start averaging, ERIAMME 1e6.
weight decay (float) - BUAZERAREL, WAt L2 I R

3. torch. optim. Rprop

class torch.optim.Rprop(params, Ir=0.01, etas=(0.5, 1.2), step_sizes=(1e-06, 50))
ThRE:

SEEN Rprop AL 7 VA (B S A AL HE), Ptk 7725 3¢ (Martin Riedmiller und Heinrich
Braun: Rprop - A Fast Adaptive Learning Algorithm. Proceedings of the International
Symposium on Computer and Information Science VII, 1992)

ZARA T VEIE F T full-batch, AN3& AT mini-batch, [ #E mini-batch K AT s 4
B, R R,
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4. torch. optim. Adagrad

class torch.optim.Adagrad(params, [r=0.01, Ir_decay=0, weight_decay=0, initial
_accumulator_value=0)
Thke:

SEHL Adagrad fltAt 7712 (Adaptive Gradient) , Adagrad f&—Fh &ML i, & HiE
B A SN SEOT A R 2 2 20 AN 2RI, 252 BB IR/ AE AR E )
SO BRRDEROK, SRS FHUIN BREDEUD, SR REOR. SRR IIGRE ], IR,
K24 Adagrad EINZ /I FTA FIBE - T7 1 7 B

VEAH A TIE 2. Adaptive Subgradient Methods for Online Learning and
Stochastic Optimization
John Duchi, Elad Hazan, Yoram Singer; 12 (Jul):2121-2159,
2011. (http://www. jmlr. org/papers/volumel2/duchilla/duchilla. pdf)

5. torch. optim. Adadelta

class torch.optim.Adadelta(params, Ir=1.0, rho=0.9, eps=1le-
06, weight_decay=0)
Thie:
SEPL Adadel ta {4t /71 Adadelta /& Adagrad Wi, Adadelta 7B RAIIEE
AT ) A HBOE I RTEI, X ATRAR RN R E I, ST R
PN A B https://arxiv. org/pdf/1212. 5701. pdf

6. torch. optim. RMSprop

class torch.optim.RMSprop(params, [r=0.01, alpha=0.99, eps=1e-
08, weight_decay=0, momentum=0, centered=False)
ThReE:

S RMSprop At 7% (Hinton $2H) , RMS /&5 # (root meam square) )7
. RMSprop Ml Addadelta —#f, 2% Adagrad 1)—Ftd. RMSprop K ¥ 75 RAE A5y
B, WZE# Adagrad 52 SRR BRI A, JF H SIS, ATCAE RS, VEA T

AJ$E: http://www. cs. toronto. edu/  tijmen/csc321/slides/lecture slides lec6. pdf
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7. torch. optim. Adam (AMSGrad)

class torch.optim.Adam(params, Ir=0.001, betas=(0.9, 0.999), eps=1le-
08, weight_decay=0, amsgrad=False)
ThRe:

S Adam (Adaptive Moment Estimation)) fEALTTI%. Adam &M & B2 > L
WT7iE, Adam B FHBE LB —Br At TH A AR A THShAS AR A 2 . RBIHIR B,
Adam 724545 1 Momentum A1 RMSprop, FF#EAT T W ZE 1L,

Z2H.

amsgrad— &5 AMSGrad fi4b 771, asmgrad HiAb 75 32416 Adam fedE, @R IN
BAMALIR, 252 5] 3 UG4 N IE(H . (AMSGrad, ICLR-2018 Best-Pper Z—, (On the
convergence of Adam and Beyond) ).

VEA T A Adam T] e, Adam: A Method for Stochastic

Optimization(https://arxiv. org/abs/1412. 6980) .

8. torch. optim. Adamax

class torch.optim.Adamax(params, Ir=0.002, betas=(0.9, 0.999), eps=1e-
08, weight_decay=0)
Thee:
S Adamax Ak 5. Adamax &N Adam 30 T — PN IR RIS, iRz
A Adamax.
VEGH T @A) %152, Adam: A Method for Stochastic

Optimization(https://arxiv. org/abs/1412.6980) (A4, W2 Adam i CHHEH T

Adamax) »

9. torch. optim. SparseAdam

class torch.optim. SparseAdam(params, Ir=0.001, betas=(0.9, 0.999), eps=1e-08)
Thee:

BExS Mg sk B B — A “ RIS Adam PRALTT

- only moments that show up in the gradient get updated, and only those

portions of the gradient get applied to the parameters
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10. torch. optim. LBFGS

class torch.optim.LBFGS(params, Ir=1, max_iter=20, max_eval=None, tolerance_
grad=1e-05, tolerance_change=1e-09, history_size=100, line_search_fn=None)
ThRe:

S L-BFGS (Limited-memory Broyden - Fletcher - Goldfarb — Shanno) 4k 5%
L-BFGS J& T4 idHik. L-BFGS /XS BFGS Hyekidt, HFmifi2 118 WAF.
S R SR T
1. This optimizer doesn’ t support per-parameter options and parameter groups
(there can be only one).
2. Right now all parameters have to be on a single device. This will be

improved in the future. (2018-10-07)

3.4 PyTorch By 7N % X & % o7 %

B NS AT T, W DU AS h B L — A SR e )
2, R ) A DME RS PR S. RAE RIS TRORI 2%, BEE I
MIREAT, 23BN S RAT ARG, B2 /b, I R B SRRy
e

PyTorch 24t TONFIINEMERT AN, Nl — o4, Saxts o) Rkt

Tk,
1. 1r scheduler. StepLR

class torch.optim.lr scheduler.StepLR(0Optimizer, step_size, gamma=0.1, las
t epoch=-1)
Tife:

ARG 215, R ECN gamma %, EEEIFEN step size. [HIRREEALRZ
stepo s BEVERMIAE, step W &4F epoch, ANEFERL iteration T o
step size(int)- FHI R FREEEEL, &N 30, M<LFE 30, 60, 90...... A step I,
25 A FEN 1rkgamma.
gamma (float) - “#>] FPBAEHL, BRIy 0. 1 £, BITREE 10 5.
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last_epoch(int)~ E—4>epoch #, XNMEEHKIERFEDREETFERE, X
last_epoch fF& BEMIRIFGET, X F 2] RATIREE . MON-1 I, 22 REE NV
B

2. 1r_scheduler.MultiStepLR

class torch.optim.lr scheduler.MultiStepLR(0Optimizer, milestones, gamma
=0.1, last_epoch=-1)
ThgE:

HBCE KA R o1 3 XANTTRE S E IR, WEE loss M4k, AR5
5E ) 57 ) R EE L
SH:
milestones (1ist)— —A> list, F—PICEACETH IR, list LRV A2 i8I
ffJ. Wl milestones=[30, 80, 120]
gamma (float) — % > R HREAEEL, BN 0. 1 f%, BIFBE 10 £,
last_epoch(int)— E—> epoch %, EXANAEFRIERFIRROTHERFE. 4
last_epoch FF & WE KIMEIRGIT, BlosXy o7 S BT . H09-1 I, 2SI RBEAYIIR
fH.

3. 1r scheduler. ExponentialLR

class torch.optim.lr scheduler.ExponentialLR(0Optimizer, gamma, last_epo

ch=-1)
Thge:

Fa oA B E 2] 2%, WE AN 1r = Ir * gammas*epoch
SH.

gamma— 27 S R UTEAATHI L, $8ECN epoch, B gammaikepoch

last_epoch(int)~ —4> epoch #, XNMEEHKIGRFAIFEETERE. 4
last_epoch 7 & ¥ I RIBEET, Loty % ) R g TiR%E . MoR-1 8, 23RN E NYIG
=

4. 1r scheduler. CosineAnnealingLR

class torch.optim.lr scheduler.CosineAnnealingLR(Optimizer, T_max, eta_
min=0, last_epoch=-1)

Dige:
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PAARSZ e BON Y], JRAERR RS O RN S e L ST . BRI R B s

Learning rate schedule

10 ' ‘ ' ‘ ' —©— Default, Ir=0.1
[ —H— Default, Ir=0.05
10 ™ C T() =50, Tmul! =1
— _D_ T,=100,T =1
% 10_2 ’ = T,=200,T =1
= 5 \ _*_T0=1’Tmuli=2
g = AT =10,T =2
= A\ 07 " Tmult ~
8 102 1
g 10
) L
-4
10
1 L L L L

1 L
20 40 60 80 100 120 140 160 180 200
Epochs

Figure 1: Alternative schedule schemes of learning rate n; over batch index ¢: default schemes
with 779 = 0.1 (blue line) and 79 = 0.05 (red line) as used by Zagoruyko & Komodakis (2016);
warm restarts simulated every Ty = 50 (green line), 7p = 100 (black line) and Ty = 200 (grey line)
epochs with 7; decaying during 4-th run from 7%, = 0.05 to ¢ ;.. = 0 according to eq. (5); warm
restarts starting from epoch T, = 1 (dark green line) and 7, = 10 (magenta line) with doubling
(Tnuir = 2) periods T; at every new warm restart.

VEGHIE [R5 3¢ € SGDR: Stochastic Gradient Descent with Warm Restarts)
(ICLR-2017): https://arxiv. org/abs/1608. 03983
ZH:
T_max (int) = — X5 I ZJHIREAARE, B T_max 4> epoch 2 J5 EHTBLE 7 ] %
eta_min(float)— f/N¢ 215, BIE ~DMaHIT, 2] % /N TS eta_nin, BUME
K0,

FARPFRATA:

Tfl’.ﬂ“

EMM)

1
Nt = Momin + E(’?max - ﬂmm)(l + CDS(
Al DA H R DTG 5 ) O K 2E 21 %6, DA 2%Tmax AR, fE— BN IR, &

BTt

4.
T max = 200, FEHEF>IFE = 0.001, eta min = 0
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learning_rate

1 0hbe- 3

000 1500 3600 4500 6000

5. 1lr scheduler. ReduceLROnPlateau

class torch.optim.lr scheduler.ReduceLROnPlateau(optimizer, mode='min’,
factor=0.1, patience=10, verbose=False, threshold=0.0001, threshold_mode='rel', c
ooldown=0, min_Ir=0, eps=1e-08)
The:

LIEARPR A AR CRREET R, BRI 3 IX ARH S IR 2 ) 3R B SR
B, HEUESER) loss AT RN, HEAT ) R0, 8 I ISIESERY) accuracy, 34
accuracy AN TR, TIR#EE A SR,

e

mode (str) - BAIEEE, H min M max PAPEA, min FIR938PRAFBEAC (il

loss), max R~ 4¥BFRAF IR (RN accuracy) o

factor (float)— “#>] B GEF T HETTEN ganma) , BI2ESJREHN 1r = 1r *
factor

patience (int)s EF——"M0", BIZSZZI8R 2 DA step A, HHTAT N,
ISR

verbose (bool) - ZHBITEIFIF(EE, print(C Epoch {:5d}: reducing learning rate’
* of group {} to {:.4e}.’.format (epoch, i, new 1r))

threshold (float)— Threshold for measuring the new optimum, EC4& threshold mode f§f
H.

threshold mode (str)— EFEH|IWrHEbr & TA RGN, AP, rel Ml abs.

4 threshold mode==rel, FfH mode==max B}, dynamic_threshold = best * (1 +
threshold );
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24 threshold mode==rel, 3 H. mode==min K}, dynamic_threshold = best * (1 -
threshold );

2 threshold mode==abs, ¥ H. mode==max I, dynamic_threshold = best + threshold ;
24 threshold mode==rel, 3 H. mode==max K}, dynamic_threshold = best - threshold
cooldown(int)- “W &I [A]*, =R 2 J5, k5 o) RIBEIA T — T, bR
Sh— BN IA], PR S IR .

min_lr(float or list)- 4] F[R, A4 float, o# list, 46 ZASHAR, wH list #H47
WHE.

eps(float)- 2% ] F N e IMEL, 9% ) AR/ T eps I, AN B 22 5] 2
6. 1lr_scheduler.LambdalLR

class torch.optim.lr scheduler.LambdaLR(optimizer, Ir_lambda, last_epoch=-
1)
ThRE:
NANFAZEABE A 2] RGNS . WY, 1r = base Ir *

Imbda (self. last epoch) .
¥
Ir_lambda (function or list)— —ANTHZESIR AL AIRE, MNBEHEN step, X
HEANSHART, B list.
last_epoch(int)- bE—/> epoch £, XANEEHRIEREIFLEFEME. 4
last_epoch fF& BE MITAIRGIS , mhoit 2 2] T % . Hv-1 I, 2R E NI
1B
Bl
ignored params = list(map(id, net. fc3.parameters()))
base params = filter (lambda p: id(p) not in ignored params, net.parameters())
optimizer = optim. SGD ([

{ params’ : base params},

{ params’ : net. fc3. parameters(), ’1r’ : 0.001%100}], 0.001, momentum=0.9,

weight decay=le—4)
lambdal = lambda epoch: epoch // 3
lambda2 = lambda epoch: 0.95 ** epoch
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scheduler = torch. optim. lr scheduler. LambdalLR (optimizer, lr lambda=[lambdal,
lambda2])
for epoch in range (100) :
scheduler. step()
print C epoch: ’, i, “1r: ’, scheduler.get 1r())
train(...)
validate(...)
M
epoch: 0 1r: [0.0, 0.1]
epoch: 1 1r: [0.0, 0.095]
epoch: 2 1r: [0.0, 0.09025]
epoch: 3 1r: [0.001, 0.0857375]
epoch: 4 1r: [0.001, 0.081450625]
epoch: 5 1r: [0.001, 0.07737809374999999]
epoch: 6 1r: [0.002, 0.07350918906249998]
epoch: 7 1r: [0.002, 0.06983372960937498]
epoch: 8 1r: [0.002, 0.06634204312890622]
epoch: 9 1r: [0.003, 0.0630249409724609]

N AHE NSRS F 2R 0? REGRY R LW ET.

BN HARPYIEF IR EE N 0. 001, lambdal = lambda epoch: epoch // 3
14> epoch ¥, H 1r = base 1r * lmbda(self.last epoch), A[HIiE 1r = 0.001 *
0//3) » XA 1//3 5T 0, FrAFEEIHEN 0.

BASEI R, ARE S A, PI4679 0.1, 1r = 0.1 % 0.95 epoch , 34
epoch N 0B, 1r=0.1 , epoch N 1K}, 1r=0.1%0.95,

) RFBNG
PyTorch $2 41t T /NP S KRB E, W h=KZ, nHliE
1. BRI,

2. HENIE;
3. HE %
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B, KRR TR, X R R, R SRR T (Step)
TV R ARG MultiStep) , FH%CT % (Exponential) fll CosineAnnealing. iX DUty
R HLER A AT, B IR A R

B2, RIINZORMAINLIEE, Xt /2 ReduceLROnPlateau J7idk. 43I i3 —
FEFRIIRARIB DL, MIZIRAR AT B A, B2 R S R AL, DR R T &
7 1

=2, HE A%, Lambda. Lambda J7iA4RALAOTEREHENG 100 Ri%, AT LOAAR
[ 14 2B E AN R (27 S) 8 )53, IXAE fine—tune -F4A H, IATRUAT AR IE
BOEARRIR2E 3%, B80T DO HARE AR K2 5T SR BE %, R EL AN A SE A !

step YRAD PR

7 PyTorch 1, 23] R H &1L scheduler. step (), THFRAN&AIE FAM 2 >) R [ —
ANFEESHE epoch, i epoch 5 scheduler. step () f& AT RBEINE ? X5 7 ZA D
I

JRESZE torch/optim/1r_scheduler. py, step() J5¥:fE_LRScheduler 2634, %4k
PV % SIS PR S, Hodig ST — BB, WIE BN 2R step O, AR
HIf get 1r O, At get 1r O &—ANEHREL T EIEIRE S b B E LR

G step()
def step(self, epoch=None):
if epoch is None:
epoch = self.last epoch + 1
self. last epoch = epoch
for param group, lr in zip(self.optimizer.param groups, self.get 1r()):

param group[’ 1r’ ] = lr

PR AT & epoch, ERIAN None, 244 None i, epoch = self. last epoch + 1.
MIX B HIIE, last epoch #&H LAIC3% epoch ). LA #HEZE] last epoch FIFIIHIE &1,
BRI, % —A> epoch BMEN —1+1 =0. FHA5 A EH— Pl RBU- 213, JEEH.

H1T PyTorch 24 T ZHAREH TN, KEFERH for 15— N SHAR S
SIRBATIRI S B . KEFHFEIEREMZE get_1r (), get 1r O BDBERLE RICH A
epoch, ZZHUHN¥ I,
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ZH L StepLRO A, N4 get 1r (), 1HHEA:
def get lr(self):
return [base lr * self.gamma ** (self.last epoch // self.step size) for

base 1r in self.base Irs]

BT PyTorch & T ZHAHANER T, RG22 NSHA, FHIH for fEH, &
[E] ) —A listo list TRMFHETRN

base 1r * self. gamma ** (self.last epoch // self.step size).

F5eS, mrLAEITE, fEHAT—IK scheduler. step() ZJ&, epoch 241 15 Ptk
scheduler. step () EJLAE epoch ] for IR 4P HAT.
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BT mEREE AR

M2 28 FE— N, IR 2 RV I BB R . (HIAIRER, EiR% R
—ANECAER, BAT T RS EE R, EE.

ARG BAUNALE PyTorch H14# F TensorBoardX Xf#iZ: M 48 34T G5 it nl#ilfk, 0
Loss H1Zk. Accuracy MiZk. EPUZAIHAL . BUAE T 2 73 A e 88 HpAE B T AR
A BRRE BT 1B B 2 A BT 2 T SR PR A P 4%

4.1 TensorBoardX

PyTorch H & (A AL ThAEBEA TensorFlow ff] tensorboard IS4 Mt75, FrLl PyTorch
W A ) tensorboard GEAERY, AREIEAEN) BEATATHLL, HBETHATBIA Q0T PR s
%, AU E —Fh——TensorBoardX.

1. HJ2 Logger

Logger 2 “4,” T tf. summary. FileWriter , #{ZF HHJ (2018.10.17) , HH{=Ff
BAE, 43515 scalar summary (), image summary (), histo summary ().

PR A, A 2 KR 7K

Logger 28%% github: https://github. com/yunjey/PyTorch-

tutorial/tree/master/tutorials/04-utils/tensorboard

2. f&Bh TensorBoardX A
TensorBoardX G DN AEFL LB 4, #E HAT (2018.10.17) , ZFfFX tensorboard
beholder ZAMHIFTIA tensorboard HJicxZETY,

github: https://github. com/lanpa/tensorboardX

APT XC#4: https://tensorboard—

PyTorch. readthedocs. io/en/latest/tutorial zh. html#

LHET /N -
—IFURIE IS github BRI 7E% %S pip install

git+thttps://github. com/lanpa/tensorboardX

x5 from . proto importevent pb2 ImportError: cannot import name event pb2

BRE AR 723 proto/ FTHISLR A event pb2, {HZTE github FREAFTEMT.
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https://github.com/lanpa/tensorboardX

PyTorch R I 2Rz #(F8
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)58t pip uninstall tensorboardX, f#H pip install tensorboard ZZZERIY.

tensorboardX H -1 tensorboard, {HIL# 5 5 HLiRIE, ZJGMUA tensorboardX, which

stands for tensorboard for X.

ARSI

tensorboardX &£ 13 Me#L, wLLdFARE. BB, BE. XFESE, DR toFEE.
AR XL AT o, TSN tensorboardX HI'E TS demo. py, JHAE
/Code/4_viewer/1 tensorboardX demo.py, iiistizfTizff, 3+ HAITH terminal, #HEA
ML RE AR (AT, BEAE]/Result/ 3k,

47 tensorboard ——logdir=runs

IRJE BN T &5 T I localhost:6006

AU B SR SR

TensorBoard SCALARS IMAGES AUDIO DISTRIBUTIONS HISTOGRAMS PROJECTOR TEXT PR CURVES INACTIVE > C * @

[] show data download links Q, Filter tags (regular expressions supported)

D Ignore outliers in chart scaling

data
Tooltip sorting method: default -

scalar_customtime scalar_group scalar_systemtime
tag: data/scalar_customtime tag: data/scalar_group tag: data/scalar_systemtime

Smoothing . o
—_— e 06 ¢ 0800 0.800
0800 0800
Herizontal Axis 0.400 0.400
BN RELATIVE  WALL Gz o2
000 000

Runs 0000 2000 4000 6000 8000 1000 0000 2000 4000 6000 6000 1000 0000 2000 4000 6000 8000 1000
o H—a | o

Write a regex to filter runs

Nov06_10-49-05_tingsongdeMacBook-
O Pro.local

() Nov06_10:49-05 fingsongdeMacBook-
Pro.local/data/scalar_group/xsinx

() Nov06_10-4-05_tingsongdeMacBook-
Pro.local/data/scalar_group/xcosx

() Nov06_10-49-05_tingsongdeMacBook-
Pro.local/data/scalar_group/arctanx

SERCCA E PR, AT PL——2K2% 3] tensorbaordX %I HE pA HUM .

tesnorboardX K% :

1. add scalar()

add_scalar(tag, scalar_value, global_step=None, walltime=None)
Thie:
E—MEFRP LR R ENARML, HHT Loss Al Accuracy £ 15

25
tag (string) - ZERIIFZ, KT polt. title.
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scalar value (float or string/blobname)- FTEAMEHIME, MZkEIH v LR
global step(int)— HIZLEIN x ALbrR
walltime (float)— N event AKX A4 X B TE], BRIAN time. time ()
1217 demo H111:

A github A demo i&4TiX—4T: writer. add scalar (’ data/scalarl’,

dummy s1[0], n iter)

EE>SCEIRNEE

data

tag: data/scalarl

scalar_value
1.00

0.800

0000 2000 4000 6000 8000
— El global_step

2. add_scalars()

add_scalars(main_tag, tag_scalar_dict, global_step=None, walltime=None)
Tige:
TE—NEERFILFZ M ENR, FHTXE, 40 trainLoss Ml validLoss P ELEE

main tag(string) - ZEBIFRE.

tag scalar dict(dict)— key 22 &N tag, value B2 ERIHE.

global step(int)— HZEIK x 2%5

walltime (float)— A event XAEMI X B4 % B E], BRIAHN time. time ()

147 demo H1HY:

writer. add scalars(’ data/scalar group’, { xsinx’: n_iter * np.sin(n iter),
’xcosx’ @ n_iter * np.cos(n iter),

“arctanx : np.arctan(n iter)}, n iter)
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EE>SCEIRNEE

main_tag: data/scalar_group

Smoothed Value Step Time Relative
123/data/scalar_group/arctanx 1.515 1515 18.00 Wed Oct 17,20:3545 2s
123/data/scalar_group/xcosx  11.89 11.89 18.00 Wed Oct 17,20:35:45 2s

123/data/scalar_group/xsinx ~ -13.52 ~13.52 18.00 Wed Oct 17,20:3545 2s

sub_tag

3. add_histogram()

add histogram(tag, values, global_step=None, bins="tensorflow’, walltime=None)
Thie:

2t BT BN 2 o AT 4RI, H T SR SR BE I A AR A O, T2
28 SEHT ) A IR o
2H:
tag(string) - ZEIRIFREE, KT polt. title.
values (torch. Tensor, numpy.array or string/blobname)- T2 H 77 EHIE
global step(int)— HZEIK v 24%5
bins(string)— #REUTEL bins, BRIAA ‘tensorflow’ , mi%: ’ auto’ , ‘fd’ £
walltime (float) - N event SCAFMISC A B E], BRIAH time. time ()
247 demo H1HY:
for name, param in resnetl8.named parameters():

writer. add histogram(name, param.clone().cpu().data. numpy(), n iter)

T LA R DL R B R B 45 Bl 4E HISTOGRAMS A1 DISTRIBUTIONS H1fj:
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convlweight
conv1.weight 123
0
5
- . 15
25
35
45
55
65
-0.11 -0.09 -0.07 -0.05 -0.03 -0.01 0.01 00.0360 0.05 0.07 0.09

| o 1
~d

x FHEIAS &K/, vy Bl gloabl stepo. 377 KB AZ convl BUE A 377
weight HIR/NETE 0. 036 IXANX ]
conviweight

convl.weight 123

0,100

0.0800

0.0800

0.0400

0.0200

000

-0.0200

-0.0400

-0.0800

-0.0800

0000 5,000 10.00 15.00 20.00 2500 3000
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x fiA gloabl_step, HTIXE Ak, FrLlbEE x Mg m, e FEm. &y
B, M EFIT, it 9 sk EH %, SR, BIAELELZL), 2 5% [maxinum,
93%, 84%, 69%, 50% 31%, 16%, 7%, minimum] 7%,

4, add image()

add_image(tag, img_tensor, global_step=None, walltime=None)
ThgE:
ZHlE R, TR TFRERIERN, Wil feature map H9A84k, B W% weight.
SH.
tag (string) - ZEMIARZE, FKALT polt. title.
img tensor (torch. Tensor, numpy. array, or string/blobname)~ F5ZEa] A4k B %L
$&, shape = [C,H, W],
global step(int)— x Ah#r.
walltime (float)— N event A A4 X EIF A, BRIAN time. time () o

W2 torchvision. utils. make grid() ¥—AEF2ZH |2 —4 %O

#M78 torchvision. utils. make grid()

torchvision.utils.make_ grid(tensor, nrow=8, padding=2, normalize=False, ra
nge=None, scale_each=False, pad_value=0)
ThRg:

Ke—HE B 5K, T,
ZH.
tensor (Tensor or list)— 7 A LIEMHE, shape:(B x Cx H x W), B 3K batch %, ]I
JU5KIE A
nrow (int)— —47 W/ JLIKE, BRIMERN 8.
padding (int)— &FKE A Z R ERE, ERINET 2.
normalize (bool) - R HHATIH—1E(0,1).
range (tuple) - & & IH—4LM) min fl max, HAEE, ERIAM tensor F14K min Fl max,
scale_each(bool) — &K A 215 BMIEATIH—4k, &2 min A1 max H— k.
pad_value (float) - HHAHF/FHIEERME, AN 0, HIEA,
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1217 demo XA

import torchvision.utils as vutils

dummy img = torch.rand(32, 3, 64, 64) # B x C x H x W)

if n_iter % 10 == 0:

x = vutils. make grid(dummy img, normalize=True, scale each=True)

writer. add image(’ Image’, x, n iter) # x.size= (3, 266, 530) (CxH*W)

CIECE: (NP
Image
RESET [
tag: Image 23
" step70 Wed Oct 17 2018 21:39:56 GMT+0800 (CST)
’ -
RESET \

global_step

nx

padding

5. add_graph()

add_graph(model, input_to_model=None, verbose=False, **kwargs)
Thge:
25| W 28 S5 AL S AN A
¥
model (torch. nn. Module) - &7 S5
inpjt to model (torch. autograd. Variable)— A N EHE, v LA — D FENLEL R
% shape fFA 2R RIAT
B4 AN AAS
import torchvision.models as models
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resnetl8 = models. resnet18(False)
dummy input = torch.rand(6, 3, 224, 224)
writer. add graph (resnetl8, dummy input)

A {E GRAPHS 175 | Resnet 18 1445 #i 4h

GRAPHS DISTRIBUTIONS HISTOGRAMS PROJEC

o =
| output |

ResNet

\

Linearffc] \

6. add_embedding()

add_embedding(mat, metadata=None, label_img=None, global_step=None, tag="de
fault', metadata_header=None)
DhRE:
1E = Y23 (a8l = 4 53 ) e R BB 40 A, T3k T-SNE. PCA 1 CUSTOM J77% .
ZH:
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mat (torch. Tensor or numpy.array)- 77 2z filH8HE, —MERLIE AR ETER.
shape = (N,D), NJBFEARH, D ERFE4E%.

metadata (list)— HARMIFREE, &4 list, KEAN.

label img(torch. Tensor)— Z[EFFE/RIIEF, shape = (N, C,H, W),

global step(int)- Global step value to record, ANFfEix B4 ] FIALWE ? %0136 1) R A b
T,

tag(string)- #5%%

PAFARAS, JE7R Mnist Hhiy 100 7Ky

dataset = datasets. MNIST( mnist’, train=False, download=True)

images = dataset. test_datal:100]. float ()

label = dataset. test labels[:100]

features = images.view(100, 784)

writer. add embedding (features, metadata=label, label img=images. unsqueeze (1))

TensorBoard SCALARS IMAGES AUDIO GRAPHS DISTRIBUTIONS HISTOGRAMS PROJECTOR TEXT PR CURVES

DATA FE 2 ] | Points: 100 | Dimension: 784

1 tensor found

default00000 ~ @

Label by Color by
label ~ No coler map -

Editby
label ~ Tag selection as

Load Download Label n

Sphereize data @
Checkpoint:
Metadata: - 00000/default/metadata tsv n

/1]

T-SNE

CUsTOM

X
Component#7 ~  Component #5

z
Component #1  ~

PCA is approximate. @ 4]

Total variance described: 22.7%.

7. add_text()

add_text(tag, text_string, global_step=None, walltime=None)
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ThRE: iCs T
8. add_video()

add_video(tag, vid_tensor, global_step=None, fps=4, walltime=None)

ThEE: idsk video
9. add figure()

add_figure(tag, figure, global_step=None, close=True, walltime=None)

TiEE: WRh matplotlib K 3 E &
10. add image with boxes ()

add_image with boxes(tag, img_tensor, box_tensor, global_step=None, walltime
=None, **kwargs)

Theg: EMg 20 Box, Hbnkaildh4s 3|
11. add pr curve()

add_pr_curve(tag, labels, predictions, global_step=None, num_thresholds=127, w

eights=None, walltime=None)

TheE: 2t pr fiZk
12. add_pr_curve_raw()

add_pr_curve_raw(tag, true_positive_counts, false_positive_counts, true_negati
ve_counts, false_negative_counts, precision, recall, global_step=None, num_thres
holds=127, weights=None, walltime=None)

Theg: MJRiE%HE 20 pr 2k
13. export scalars to json()

export_scalars_to_json(path)

IhEE: ¥ scalars 5 EARAFE] json UM, (HT 5 HAGEH
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42 ZBHRBRTAA

2 X 2% fo LB R L, T AT e R BRARAT TR, i ARATT s 2 i R vl
RE T MEBUERFEBIZ W N2 N ZRIG L. B 7 BB BUE 2 AT M 2 Hree s Ar B, 8w A
GRZBUEREAT ATRAL, SREBIFRAT T2 o AN T 20 B AU AT AL SR B A Ty
P

£ 2012 £ AlexNet fIRSCH, JEon T —RIBBRBUE T AL HIIE Fr, 0 s

R DB EREPAUER AT AL, KA BRI . —A GPU i
BUZ L IVIL R, 5 A GPU B R R R R . X BB AT T
o, FE— @R LRI IRA TS W R I ZREF IR, BRI S A AUE K rTRRAL +20A7 0
%,

AIRAL SR BRAR 7 B, RPERAN B RL AT “IH—1b” &2 0~255, SR FL R I R Al
T, iX— Z&H|HEAER] L&) TensorboardX f#) add image SRSZH .

FBE PR AR E, BB RN BERRERERE, sauHgns.
TEILEME convl A, convl.weight. shape() = [6,3,5,5], ¥ ANiEEH N 3,
HERREAHON 6, M feature map HN 6, FRUEK/NA 545,
K1, 2l i,
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convlweight_all

conv1.weight_all -
step 666 Sun Oct 21 2018 13:24:36 GMT+0800 (CST)

K 2, DL feature map NEEAL, fE5B) step Z2EX 4 feature map, EFRIZ D ITLH].

conv1.weight_split_in_featuremap 2
step 6 Sun Oct 21 2018 13:30:02 GMT+0800 (CST)

NN

AR A 2 T, A A B AR AT BoR 3 BRI ?

K 3 M BERUZILFRVER L UE T —ik feature map, FRIUMRHTE—HEME. A
BRI RE T I T &, M BERCY 4, fEiEadon 2, SREERZA 8 4> 22
HIER .

AN AR, Rl 4 DR RIS 4 DN EIEREAT BRI R, 0k
bias Wi, FIEEHIERE, A15HHKA feature map LHIME.
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FrCAa] LU G RUE BB TR IR feature map HntHE0# 47X 4>, — feature map X
AR A2 B i N TE H

layer m-| hidden layer m

(TSR

1217 /Code/4 viewer/2 visual weights. py

AT S, FESCHFJe/Result/ IR SR visual weights, SRfEHIIF
terminal, BENARFRIIAE (LA , #HAHFR/Result/

47: tensorboard ——logdir=visual weights

BEADNE RS, FTHFMIT: http://localhost:6006/

4.3 FAE B A

AR ERAT M7, JRIGERB LT M MIRIEC S, AR AN
AL Y 25 A F JG 1) 1B (feature maps)
A R
Lo FRECE R, A A e s A 4 N A (R i #s 20, Bl — & 51 transform,
2. I K R, FRMPITE—ZHE, EJTFREMN feature maps,
3. f&Bh tensorboardX #4741,
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Tips:
L BEACSREUE RS 2 EAE 2 init O e UWEAE, SAMIAR A B S 47 R 12
forward(), PTUATREN TN ME ZR . AHIMERE,  init (O HEbEEE RS

relu,

SEEE, TEN convl BN feature maps, ZZENRELT relu BUGRE, A
KINZ it relu 2 J5H] feature maps.

FIEE A (B resize & 32%32)
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(REESTE

1Z47 /Code/4 viewer/3 visual featuremaps.py

BTN JE, 1E3CHIE/Resul t/ FIRMF A IE visual featuremaps, RS54
terminal, HFEAAHMEMIE (WRA)D , #EAHF/Result/

#AT: tensorboard —logdir=visual featuremaps

FEANW RS, FTHMTL: http://localhost:6006/

SORRT -

L 23 relu Bl A2 R, WIRREZER AR, BERELN0 7?7 XHEEHM
P& fE ?

2. BRT net. modules. items O IXMITIEZ AN, A ERERIITIEAKIRI feature
maps M?  PL ERIPEREAK BT, FHENTHX forward () H1HERAEA
_init O HHERAE, HBCE S M ZE, WRAEFRINE, K.

4.4 B JFE RAAE A T A

TEMZEIZRad e, FRATH 2B BIBAEETE e BhEEIRNESE Ml R, FRATAT DUE I id 5%
A epoch (K1 FE AR R I TR BE PR IO, 38 AT LAE SRR, o0 TSI 50T (4 7 i e 35 4%
R

ANITERA DA TR R AUE, FFHEAT T RAL
A SEI -
14T /Code/4 viewer/4 hist grad weight. py
BTG )G, XK /Result/ FIRAGIAF I hist_grad weight, SRJEITITF terminal,
BENH R IR (AR, BENH 3¢ /Resul t/

#1T: tensorboard ——logdir=hist grad weight
BENMIYERE, FTFFMIT: http://localhost:6006/

0 S BRI 3 252 DL =470
# A epoch, WCFEBLE, PUE
for name, layer in net.named parameters() :
writer. add histogram(name + ° grad’, layer. grad. cpu().data. numpy (), epoch)

writer. add histogram(name + ° data’, layer.cpu().data.numpy(), epoch)
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A RRAG ST -

1. BUH weights M MEH%

23 100 /> epoch NZR, REF H—ANEHREIBUE AL,
x RIS R AN, v #iA gloabl_step. B 1 x=0. 306,
A~ epoch i, AUEA 0. 306 FIANEH 0. 00,

convlweight_data

y=0, Ul TN 0.00, FREO

convl.weight_data

30

50

70

e

|
Ml

~

90

-0.5 -0.3 -0.1 0.1

K2, x=0.306, y=85, HUAE/RNG. 71, FRHE 854 epochit, BUHLE 0.306 X[

5. TLA o X BERHEAY FON A2/ ML RIERI AT LA — T
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convlweight_data

convl.weight_data [ |

10

30

50

(A

70

|
T

~

-85
90

-0.5 -0.3 0.1 0.1 0.306 0.5

i HISTOGRAMS W] AT 258 — M ETRZE WBUEBE & ISR AR “9 8 , K, —
THIR R L BRI S 2 A, IF B ME AT 0. 3,

BT A, AUES KB 0.6+, XA & R EOGER, HBUE R KA S 580
M. BB ESPOZAERT £ 5, AW shEEBEIME, AT o i BUE
W (weight_decay) RZEf# .

2. Jm'E bias A=
EES R ER bias IR, BHAERAIR, sERN/NA bias, A4 FE—25]
(A B R AT e 2 ARAR, AT LU I W 528 2 1 bias SRR 75 761X —3R5 H 1)
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M ERTAE 2], —IF4R 10 DBIE bias ARELEUN, BEAE IZRHIBEAT, ®AHA T
H CHIEER bias K/N.

fc3.bias_data [ |

-4
10

30

50

70

90

ra

3. BEEERIME

TEOHE N EREBUERI B AACTEOL, ATLVE R, JUFEGR IR sl A 0 A 345 il
VR IR EEARH /D, AR FERUE A SR, AT A5 R S50 B S B R 2
5 trick SRAFRBLEEH Ko

74
AHREIR T2 22, A5 TRk g



PyTorch R I 2Rz #(F8
fE#: RES

convl.weight_grad

convl.weight_grad b

10
30

50

— 70

90

-0.6 -0.2 0.2 0.6 1.0

NARBE:

L JE SRR ZRIREEL, BUE A, BATAT DA B B 2 ST 3, IRkt B2 /N
JEBLE BRI E, AR Ral AT RN S8, ARIEIXFZESA M, RS L

2. XBUEFFAIR AL, 7] LA O — 2 i B K weight_decay, F&T5AEAT
RBEARIZIZ BN

3. MW XEERERIMLEE, TTLAE BRI ERREL clip FMEVR.

45 BHREERE TN

RS, DN EVIRE L, B VRIEFERE R DG AR (R, iy ELX
BRI KGO T anfa s, BRI SRR RFE B . A/ NN R IR I AR R
M S LT o
1. JREBEREMS

IRIFHFE (Confusion Matrix) 7 ORI P AR, HAE A NN 7 RE, N Rk
R IRIEFEFERAT RS IS, SRR TS Blhn, BRI o KR, AR
K% 10 5k, JORIEIHE 30 K, REBINTIX 40 SKIE 7 BEAT TN, 753 B0IRERERE A
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(e par¥e
(e 7 3
par¥e 10 20

MEBE—AT R0, 10 SRR BEEA, 7 Sk, 3 RTINS, AR A ER
(Recall) Jy 7/10 = 70%,

M AT AITE, 30 KA UG, 8 ST, 22 ST, S E SN
20/30 = 66. 7%,

MBIl 5niE, WO 17 sk, A 7 SKA2 BRI, RS i
(Precision) N7 / 17 = 41.17%

MEEZFIpal ki, B 23 sk G, 20 SKZEIEMAD, SR
(Precision) 20 / 23 = 86.96%

BRI HERF % (Accuracy) A 7+20 / 40 = 67.5%

AT AR I8 S VR T LAY AT (0 HH R R R 40 2R B 0L, 5 A N Tl AL
1, FIOTEAE AR 5 R R -
AN H, IRERE RGeS AT .

2. REEENST
H— QIRIRIEFERE
AREUEANEL, B NN (12256 [
conf mat = np. zeros([cls num, cls num])
% RIS TR 2
labels NESLFRZS, 8% N— batch [HFRZS
predicted NTMIZEH, 5 labels [FIKEE
5= RIEPRAE TR A R MR
for i in range(len(labels)):

true i = np.array (labels[i])

pre i = np.array(predicted[i])

conf mat[true i, pre i] += 1.0

3. BB
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AT T B & FAn e 4, AR —A 1ist, L cifarl0 Af):
classes = ['plane’, 'car’, ’bird, ’cat’, ’deer’, ’dog’, ’frog’, ' horse’,
“ship’, ’truck’ ]

AR W R

Confusion_Matrix

plane 42 25 22 6 10 13 45 32 0.8
car - 7 3 6 9 7 17 86 0.7
bird { 54 83> 62 66 37 10 11
0.6
cat419 13 55
T 0.5
< deer{ 18 5 61
S dog{14 2 49 0.4
}_
frogq 7 7 48 - 0.3
ship{ 87 33 14
- 0.1
truck4 27 9 12 17
L T Ll l T Ll T 0-0
¢ A < -~ > O O ¢ .Q X
'S > N 44 @ o %) N O
Predict label
BRI E AL T

/Code/4 viewer/5 Show ConfMat. py

i247/Code/main training/main. py RFA[FE /Result/your time/ CAFIE N MG RIVEIEFERE
P o
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AHFERE LSRN . TREIFROVE I, 35 B R I gl A il 2 1
SEPRIA L, SERRTT . W PR, AERLER S IR R, R R = KR
gy, AR RE . BRI e B AR A

WA, A RIS AT KSR NS AR R I ZREE M . BRI 2k
PR U, E el P T R A RSN EAT R, T
e L 1) R AE B 70 7 Ay 2 IR AR AR T A IR AN (i T A
WAZWAIRERARL, AWTRIRE R 25, A REI R — MBGw R A,

ZRig:

NEBICEER, A EARERE R K kB BT A A2 PyTorch i)
W, BT AR, AKX Z 22, JKRNEH, DaEERirs
KK

AN BATIFES: 2] PyTorch, WAETHRIS 8 2 KT PyTorch FAL# % I KA
B, HHREMAKEALN, HKREL!
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