Lecture 0: PyTorch B4

R

B BB

o & MTAREMICE
o RN —NE T, LLWMBEIRIKEA Base, RIRBRAMBIRAN 0.4, WREE
1.0 WIRA, RTAUABFE—NETF, BFRET IR,
s EXNMTETEE, TUZEARNBRANE;
o AN AIEITK
® conda create —-n pytorch python=3.6
° UTERBEZRNE:

caertiil

o AR BUEKE

® conda activate pytorch
o AN RE Pytorch

o (1) BHRAE

o (2) EFXEPLE PyTorch

o WEHMMIESEIE T RS, WITRE;

B

ANEERIK
e MAEZEREK

e dir() =¥k
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o BEURMNMBETBEHAURTIBEMATHNORX A ALRE;
In[4]: dir(torch)
Outf4]:
['AVG',
"AggregationType’,
"Argument
"ArgumentSpec’,
'BFloatl6Storage’,
'BFloat16Tensor’,
‘BenchmarkConfig’,
o 'BenchmarkExecutionStats',

In[6]: dir(torch.cuda.is _available)
out[6]:
[' _annotations_ ',
‘" call ',
‘__class__ ",
" closure_ ',
' _code_ ',
" defaults_ ',
" delattr_ ',
" dict_ ',
. _ dir ',
° AEMNTARTE—NRE, WE—EANIEK;
° help) =#K:
o BLBRMTMESNTRARWfMERAN, TRENERATX;
In[7]: help(torch.cuda.is _available)
Help on function is available in module torch.cuda:

is available()

FEADERERGGGIE indicating 1f CUDA 1s currently available.

s &Y 57

%% : Dataset 5 Dataloader

* #E: Dataset
o EHTILEN, BEARARENEKE, XEHFEMRIREMENIR, @ Dataset N ZMX L
iR Y RER IR, R TUARH#ITHRS
o Bi: RH—MFTAXRBREFEUALE label ;
o bbdm: 1. WAREE—NBEFEAUKH label ; 2. HRBAVEFA S D 00#IE;
* ¥E&: Dataloader
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o BRIFYAIBKIFERITTITE, M Dataloader FERTLUNGELEHIMLIRMER B EIE
N
° A3\: Dataset BIfEH
e B A: from torch.utils.data import Dataset

o EH:

class Dataset(builtins. object)
| An abstract class representing a :class: Dataset .

Al]l datasets that represent a map from keys to data samples should subclass
it. All subclasses should overrite :meth: _ getiten__ , supporting fetching a
data sample for a given key. Subclasses could also optionally overwrite
imeth: __len_, which is expected to yeturn the size of the dataset by many
:class: “torch.utils. data. Sampler implementations and the default options

of :class: “torch.utils.data.Dataloader .

note::

:class: “torch.utils. data.Dataloader by default constructs a index

sanpler that yields integral indices. To make it work with a map-style

dataset with non-integral indices/keys, a custom samplex must be provided.
Hethods defined here:

_add__(self, other)

_getiten_ (self, index)

Data descriptors defined here:

_dict__
dictionary for instance variables (if defined)

__weakvef
list of weak references to the object (if defined)

r“““An abstract class representing a :class: Dataset .

All datasets that represent a map from keys to data samples should subclass
it. All subclasses should overrite :meth: _ getitem__ , supporting fetching a
data sample for a given key. Subclasses could also optionally overwrite
:meth: __len__ , which is expected to return the size of the dataset by many
:class: “torch.utils. data. Sampler implementations and the default options

of :class: “torch.utils.data.DataLoader .

.. note::
:class: “torch.utils. data.Dataloader by default constructs a index
sampler that yields integral indices. To make it woxrk with a map—style
dataset with non—integral indices/keys, a custom sampler must be provided.

e

° #MFE: Image BEYEEH

In[2]): from PIL import Image
In[3): img_path = “"C:\\Users\\Zhiyao\\Desktop\\learn_torch\\dataset\\train\\ants\\ee13e3s.jpg"
In[4]: img = Image.open(img_path)

e In[5]: img.show()

5 : Dataset SZH%

o RIGFTA B A B9t :



dir_path = 'dataset/train/ants’'
import os

img_path_list = os.listdir(dir_path)
# A E AR

o RAEG:

from torch.utils.data import Dataset
from PIL import Image

class MyData(Dataset):

# Wlintk
def __init(self, root_dir,label_dir):
self.root_dir = root_dir
self.label_dir = label_dir
self.path = os.path.join(self.root_dir, self.label_dir)
self.img_path =os.listdir(self.path)

# RIS LA HARSE
def __getitem__(self,idx):
img_name = self.img_path[idx]
img_item_path = os.path.join(self.root_dir, self.label_dir,img_name)
img = Image.open(img_item_path)
label = self.label_dir
return img, label

o FRIKIES:

root_dir = “"dataset/train”

ants_label _dir "ants”

bees label dir = “"bees”

ants_dataset = MyData(root_dir, ants_label _dir)
bees_dataset = MyData(root_dir, bees_label _dir)

train_dataset = ants_dataset + bees_dataset

TensorBoard #4E
ARG

from torch.utils.tensorboard import SummaryWriter
import numpy as np
from PIL import Image

writher = SummaryWriter("logs")
image_Path = "ikfE 4"

img_PIL = Image.open(image_Path)
img_Array = np.array(img_PIL)
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writher.add_image("test",6 img_Array,1,dataformats = 'HWC')

for i in range(100):

writer.add_scalar("y=2x", 3%i, i)

writer.close()

Transform

Tensor B2

%2 : Tensor

o 3 transforms. ToTensor k& FHAN &

* 1. transforms ZfIER (python)
° 2. AABANIEE Tensor FHIFELR

e 5=l transforms ZfE{ER (python)

img_path = "dataset/train/ants_image/@013035.jpg"

img = Image.open(img_path)

tensor_trans = transforms.ToTensor()
tensor_img = tensor_trans(img)

o Print(tensor_img)

o 5RfBl: tensor K

tensor_img = (Tensor) tensor([[[0.3137, 0.3137, 0.3137,
T = (Tensor) tensor({[[0.3137, 0.5822, 0.9137)\n
i _back{ard_h-mks = [NoneType) None
4l base X [MoneTypel None
o _cdata = [inti 2501405032288
&l _grad = (MoneType) None
# _grad fn = (MoneType) None
6i _version = (int) 0
data = [Terser) tensor([[[0.3137, 0.3137, 0.3137, .., 0.3176, 0.3098, 0.2980].\n
device = [device] cpu
dtype = [dtype] torch.float32
i grad = (NoneType] None
o1 grad_fn = (MoneType) None
81 is_cuda = |bool) False
o1 is_leaf = [bool) True
di is_mkldnn = (bool) False
o1 is_quantized = (boal] False
o1 is_sparse = [booll False
layout = |layout) torch.strided
4l name = (NoneType] None
names = [tuple! (None, None, None)
& ndim = (int) 3
8 output_nr = [int] 0
8l requires_grad = (booll False
[ ] > shape = 'Size) torch.Size([3, 512, 768])

.., 0.3176, 0.3098, 0.2980],\n
[0.3176, 0.5861, 0.9176]\n

[0.3176, 0.3176, 0.3176, .., 0.3176, 0.3098, 0.2980),\n [0.3216, 0.3216, 0.3216,
[0.3216, 0.6000, 0.9216)\n ~\n [0.3412, 0.6275, 0.9294] \n [0.3412,
[0.3176. 0.3176, 0.3176, .., 0.3176, 0.3098. 0.2980]\n [0.3216, 0.3216, 0.3216, ..,

o HMWTAD, tensor ME—NEETREAMEBMLH— LA S IS ;

o Zil

¥ W Transform A3k
152 Transform B9{EH

L

G E BB R AR tensor FEEHTIINEL;

e Transform BLEHK—ERANER, REEZT—&TEE. RABENER;
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o Bt Transform ME—ARINMKITRE;
s EpREXEHMA. MUURER;
o & WA
e PIL & Image.open fRF|AYEA;
o M Wl

e tensor & ToTensor BI|HX%£;

Compose 3

* ¥—A3%| Transform #RIEEE—#E;

* tbim:

transforms.CenterCrop(10),

transforms . I I4®, ,

1)
Iy

* }E&: ToTensor
o XANFEWNIEAMEY PIL Image or numpy.ndarray 3#eX tensor ;

°

trans_totensor = transforms.ToTensor()
img_tensor = trans_totensor(img)
writer.add_image( "ToTensor”, img_tensor)
writer.close()

o f%4: Normalize
o J3—1fb, KE—/ Tensor HEKFEXNZE, MEHLFHESEEE, BHESNMEENMAR
ITHRAE:

o P

input[channel]=Cinput[channel]-mean[channel])/ptd[channell]

# Normalize

print(img_tensor[e][e][e])

trans_norm = transforms.Normalize([0.5, 0.5, ©.5], [@.5, 0.5, 0.5])
img_norm = trans_norm(img_tensor)

print(img_norm[@][e][e])

writer.add_image( "Normalize", img_norm)

o #E4A: Resize
o ERRT, WmBELANE (w,h), WEEXRETEEA (v, h), WEEAKNE—A int, N
¥t PIL Image #HATE LK

Y E



print(img.size)
trans _resize = transforms.Resize((512, 512))

img_resize = trans_resize(img)

img_resize trans_totensor(img_resize)
writer.add_image("Resize”, img_resize, 0)

o Print(img_resize)

o Hf&: Compose
o BENTHMITHE;
* Compose() FHSHEEZE—AF%k, & Python ¥, FUIRMEXRHENA [HE 1. %Kik
2, .1
° ¥ Compose H, HRFEER transforms XA, FFUEE:

e Compose([transforms Z#{ 1, transforms %[ 2, ..)

o R

trans_resize 2 = transforms.Resize(512)

trans_compose = transforms.Compose([trans_resize 2, trans_totensor])
img_resize_2 = trans_compose(img)

writer.add_image("Resize"”, img_resize_2, 1)

BIEENER
torchvision b ¥IEEER
1% Dataset - FIBESHNE

o B
° root: HKEENNE
* train: WRAE, WRTYMKEEANNEE, WEIEB, WERUET —DNRE;
° transfrom : WHREEPHERNTHRTUEEXE;
e target_transfrom : Xt BHARREZTH;
e download : WMEE A torchvision H¥KIEE, THUEHETH;

* BIR

* root (string) - ROOL directony of dataset where directorny cifar-16-batches-py exists or will be
saved to if download is set to True

. ‘fﬂil‘l optional) - If True, creates dataset from training set, otherwise creates from test set

« wransform (callable, optional) - A function/transform that takes in an PiL mage and returns a
transformed version. E.g, transforms.RandomCrop

+ warger_transform (callable, optional) - A function/transform that takes in the target and
transforms it

» download optional) - If true, downloads the dataset from the internet and puts it in root

° directory. If dataset is already downloaded, it is not downloaded again

R
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import torchvision

# O E A
datasets_transform = torchvision.transforms.Compose([
torchvision.transforms.ToTensor()

1

# g

train_set =
torchvision.datasets.CIFAR10(root="./dataset", train=True, transform=datasets_trans
form,download=True)

# Mg

test_set =
torchvision.datasets.CIFAR10(root="./dataset", train=False, transform=datasets_tran
sform,download=True)

# K105k K/ fETensorboard | 2R

writer = SummaryWriter("plo")

for i in range(10):
img, target = test_set[i]
writer.add_image("test_set" img,i)

Dataloader &#94# FH

ﬁ%ﬁ?: Dataloader

o B
Dataset 218 HEHIBER. THTXK;
i Dataloader W TEMEEE PERE K, WfTE;
o Hp A HITEMERE dataset, EMREIIEE, HMSEERA BRIME;
° shuffle ZITELAAER, num_workers RAEBTHALH#RE, 0 RonEREHERME,
4’ num_workers>0 M| Z%HFZ:
° BEx:
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o datasot (Daraset dataset from which to load the data

. batch.\sizq (int, optronal NowW Many samples per batch o load (defaulr 1
« shuffle | optional) - set (0 Truwe (0 have the data reshuffled at every epoch (default: Falss
« sampler f or terable, optional - defines the strategy (o draw samples from the dataset. Can be any
@ with implemented. If specified, shuffle must not be specified
. batch_s.ampler or Iterable, optional like saspler , but returns a batch of indiCes at a time
Mutually exclusive with batch size shuffle amplar , and drop last
. num_worhou ,r.‘_".'l-:J"..l.'_ MO "'i.1r'|..' subprocesses [0 use for data .'.1|',‘:|‘._._.‘| } means that the data wil

be loaded in the main process. (default
« collata_fn (callable, optional) - merges a list of samples to form a mini-batch of Tensor(s). Used when
sing batched oading from a map-siyle dataset
. pin_mnmory i , optional If True, the data loader will copy Tensors into CUDA pinned memaory
before returning them. If vour data eléements are a custom oy pé, Or your llate fn réturns a batch that is

A cusiom [ Vipe, sée he exampie belorw

ARG

import torchvision
from torch.utils.data import Dataloader

test_set =
torchvision.datasets.CIFAR10(root="./dataset", train=False,transform=torchvision.t
ransforms.ToTensor())

test_loader = Dataloader(dataset=test_set,batch_size = 4,6 num_work = 0,drop_last =
False)

# R ET K E Ay

for data in test_loader:
imgs, targets = data
print(imgs.shape)
print(targets)

o AFE:
* batch_size=t XTHNERMEYR—KERHEKE R, HEEITE;
e H¥%4 image 0. 1. 2. 3 FTH;

e FXE:

o ¥ HI Dataloader BRIAEFEEIPNER, bbdn batch_size=u B, SFAHLINERIEIKE S :

HEMBHEE

gIA
o MAMKAXNBEERAE torch.nn BYF;

nn.Module &4
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2 : nn.Module

o ER:
* Model #/&KHE Module 2, HEXTHNREK:

import torch.nm as nn
import torch.nn.functional as F

class Model (nn.Module):
def __init__(self):
super(Model, self).__init__()
nn.Conv2d(1, 20, 5)
nn.Conv2d(20, 20, 5)

self.convl

self.conv2

def forward(self, x):
x = F.relu(self.convl(x))
return F.relu(self.conv2(x))

o &
o XEB—ANFTAMEMEEIRES;
o PREVERENR 40K E K
o MER: __init__ - XTI R
e super(Model, self).__init__() X—FRAMEBH, RTBMRENREL;
s TEHNAZRZHDEXWBMTA;
o #E&: forward - X REIMERE
o EXTH RITENITERE;
° MAMKLRBT —MNANE. & forward FE|HEH;
o self FEURIAIELH, x TRk,
o bbim x=F.relu(self.convi(x)) FRITMIMAFITRER, REBFHHTIESML
12, REBXME#TRER. REHTORELMELAE, RERE,;

ARG

from torch import nn

class Test(nn.Module):
def __init__(self):
super().__init__Q)

def forward(self,input):
output = input + 1
return output

test = Test()

x = torch.tensor(1.0)
output = test(x)
print(output)

BRE
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e ERE
o BUR: —f. —4%. ZHERE

Applies a 1D convolution over an input signal composed of

nn.Convild N
several input planes.
B Applies a 2D convolution over an input signal composed of
nn. oNv L0
several input planes.
k
- Applies a 3D convolution over an input signal composed of
nn ., Conv.ad

several input planes.

Applies a 1D transposed convolution operator over an input

nn . ConvTransposeld
image composed of several input planes.

o MR Zh&R
o B
* in_channels: #IAMEELK
e out_channels: #iHa9@RE K
e kernol_size: & AN;
° int & tuple;
* stride=1
L 223 WP AN
* padding=6
e dilation=1
° bias=True: X ~REME, —AARANERT
° BER

®
=

No padding, no strides  Arbitrary padding, no strides  Half padding, no strides  Full padding, no strides

No padding, strides Padding, strides Padding, strides (odd)

o Zf:
* in_channel=1, HMAEHERAE—HEE;
* out_channel=2, HWiHBeEGEAMEE, HFEEEERRNEREZ;



B

N (33)
(5X5)

(v

dataloader = DatalLoader(dataset,batch_size = 64)

class Test(nn.Module):
def __init__(self):
super(Test,self).__init__()
self.convl = Conv2d(3,6,3,stride=1, padding=0)

def forward(self,x):
x = self.convl(x)
return x

test = Test()

# R
for data in dataloader:
imgs,targets = data
output = test(imgs)
# X} idtiTreshape
output = torch.reshape(output,(-1,3,30,30))

LR
e B
° gIA:

c HTERENMMNENSRMNE, SERAAMEEEFLHRETN;
o Matbin 2x2 MERAMMAME, TURR—MERAFHE:

oEn

0 |12 |12 |
EEE
16 16

118
130 [9RN 13
ERENH S

Qut_channel=2
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=
=
o O o
L

© O o
[

© O o

o

I.'1. 1. 0. 0.

o XEEMRAZAELREFARE —MEER. BT URRER| — RS,
s AEAEDOAR/N EXR. fobRENESE;
s MUBEFEATERZINSE, FEEFEABRSMAGEER, e/ NEEM— b
B, BEibid R R E TmARELK;
o 3K
c RAMMUE: ENFoPHRBHNERNES;
o EHPOALE: BERARMME P TR BIESHRRN TN
o ER:
* MaxPool : FAM
* MaxUnpoll : EXR#&#
* AvgPoll : ¥ XA

Applies a 10 max pooling over an input signal composed of

MaxPi il
several input planes.
Applies a 2D max pooling over an input signal composed of
nn.MaxPool2d
several input planes.
- Applies a 3D max pooling over an input signal composed of
MaxPi
several input planes.
n.MaxUnpoolid Computes a partial inverse of MaxPoolld.
n. MaxUnpool2d Computes a partial inverse of MaxPool2d.
k
nn. MaxUnpool 3d Computes a partial inverse of MaxPoolld .
Applies a 1D average pooling over an input signal composed
Poolild .
of several input planes.
) Applies a 2D average pooling over an input signal composed
AvPe -
' of several input planes
- Applies a 3D average pooling over an input signal composed
1 gPool 3d

of several input planes.



o B8k
1. kernel_size : StifbA/IN:
e 2. stride : BRIAAN kernel_size BIR/N;

e 3. padding : EZX;
e 4, dilation : ZEEMR

o EHERBAERZZE. BMANLE
o 5. R

o ceil B/ LERE;

° floor Z/NKATERE;
o B mAMML

o BHUAMNZEZNTER Y. BRIEHRKN—;

o T

>>> # pool of square window of sire=3, stride=2

>>> m = nn.MaxPool2d(3, stride=2)

>>> # pool of non-square window

>>> m = nn.MaxPool2d((3, 2), stride=(2, 1))

>>> input = torxch.randn(20, 16, 50, 32)

>>> output = m(input)

JELAERE
e RO

o R
o ERMMCETERANT AWEMLKT|I N—LIERMHNSR;
o RWWMELRE RelU ;
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RelU activation function

Output
o

o HImAR N, HidHHAEF MRS,
° B—ALLRFE M Sigmoid :

Sigmoid activation function

Output
o

° Input

B 4% inplace
o LAY RIMMARE-1, YEH RelU TH)5. -1 3477 &AMT, EAM Input TXT 0;



sell- Hell inplace: bool = False

INCIE R TN B A N i g N

e 0% inplace=False, NI %A Input F&-1;
° Eib inplace MEBHANER, —f&4 inplace = False ;
o fl:
input = torch.tensor([[1, -0.5],
(-1, 31D

input = torch.reshape(input, (-1, 1, 2, 2))
print(input.shape)

class Tudui(nn.Module):
def __init__(self):
super(Tudui, self).__init__()
self.relul = ReLU()

def forward(self, input):
4 output = self.relullinputﬂ
return output

tudui = Tudui()
output = tudui(input)
print(output)

HAab&MR
& ERMLR

o ER:

Applies Batch Normalization over a 2D or 3D input (a mini-
batch of 1D inputs with optional additional channel

nn.BatchNormid dimension) as described in the paper Batch Normalization:
Accelerating Deep Network Training by Reducing Internal
Covariate Shift .

Iﬁpplie-s Batch Normalization over a 4D input (a mini-batch of
2D inputs with additional channel dimension) as described in
the paper Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift .

nn.BatchNorm2d

Applies Batch Normalization over a 5D input (a mini-batch of
3D inputs with additional channel dimension) as described in
the paper Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift .

nn.BatchNorm3d

Applies Group Normalization over a mini-batch of inputs as

nn.GroupNoTm . . _
described in the paper Group Normalization
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22>
22>
22>
22>
22>
222

# With Learnable Parameters

m = nn,.BatchNorm2d(100)

# Without Learnable Parameters

m = nn.BatchNorm2d(100, affine=False)
Xnput = torch.randn(20, 100, 35, 45)
output = m(input)

17 Reccurrent Layer

nn.

An .,

nn

nn.

nn

nn.
[ ]

o 1%

&

. RNNBase

RNN

LSTM

.GRU

RNNCell

.LSTMCell

k
GRUCe11

* XFRBIFTARNER;

%% Transformer

o ER:

o MWMARAEMNL, RAEMNLTIERMZERNENNFRE;

Applies a multi-layer ElmanRNN with tanh or ReLU non-
linearity to an input sequéence.

Applies a multi-layer long short-term memory (LSTM) RNN
to an input sequence.

Applies a multi-layer gated recurrent unit (GRU) RNN to an
input sequence.

An Elman RNN cell with tanh or ReLU non-linearity.

A long short-term memory (LSTM) cell.

A gated recurrent unit (GRU) cell



nn.Transformer A transformer model.

nn.TransformerEncoder TransformerEncoder is a stack of N encoder layers

nn.TransformerDecoder TransformerDecoder is a stack of N decoder layers

TransformerEncoderLayer is made up of self-attn and

nn.TransformezrEncoderLayerx
feedforward network.

TransformerDecoderLayer is made up of self-attn, multi-

nn.TransformerDecoderLayer
: head-attn and feedforward network.

e &MEB

* B
nn. Identity A placeholder identity operator that is argument-insensitive.
Applies a linear transformation to the incoming data: y =
nn.Lineax T
zA" + b
Applies a bilinear transformation to the incoming data: y =
nn.Bilinear T
zy Az, + b
N nn.LazylLinear A torch.nn.Linear module with lazy initialization.

o 1%

&

#%2: Dropout Layers

o B
e MHNEFRRLHIE, ATHLEEME;
o B

During training, randomly zeroes some of the elements of
nn.Dropout the input tensor with probability p using samples from a
Bernoulli distribution.

Randomly zero out entire channels (a channel is a 2D feature
nn.Dropout2d map, e.g, the J -th channel of the i -th sample in the
batched input is a 2D tensor input|i, j) ).

Randomly zero out entire channels (a channel is a 3D featur¢
nn.Dropoutdd map, e.g., the j -th channel of the 7 -th sample in the
batched input is a 3D tensor input|i, j] ).

nn.AlphaDropout Applies Alpha Dropout over the input.



2 Linear - &M E

o R

« in_features - size of each input sample
» out_features - size of each output sample

«» bias - If set to False, the layer will not learn an additive bias. Default: True
°

o Tl
class Tudui(nn.Module):
def init__(self):
super(Tudui, self).__init__()

self.linearl = Linear(196608] 10)

def forward(self, input): \\\ N
output = self.linearl(input)

return output

tudui = Tudui()
BimgsEFn—4

for data in dataloader:
imgs, targets = data

print(imgs.shape)

output =|torch.flatten{imgs)

print(output.shape)
output = tudui(output)
print(output.shape)

1‘%@: Concat

o B HRATHEEHREMEN, SHEERBERAMRA (channles, height,width) , REER
EEE PEERAMTEE, TUUEA concate #¥tE, ERKEERERA
(channelsl+channles2, height,width)

o EEEN, RNKENEE (RTERLE) BARFT K, PloEBEELE FEEN, Hi
R R RAER

& Add

o FIENAEMRE, ENRETERRAERNER

e 3 ]l
4l
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o BEISR: CIFAR 10 RRIZH

Feature Feature Feature Feature Feature Feature Hidden
Inputs maps maps maps maps maps maps units Outputs
3@32x32 32@32x32 32@16x16 32@16x16 32@8x8 64@8x8 64@4x4 . 64 10

~

Convolution Max-pooling Convolution Max-pooling Convolution Max-pooling  Flatten Fully
5x5 kernel  2x2 kernel  5x5 kernel  2x2 kernel  5x5 kernel  2x2 kernel connected

R

from torch import nn
form torch.nn import Conv2d

class Test(nn.Module):
def __init__(self):
super(Test,self).__init__()

# i A\HKichannelX3, #ittfichannel /32, HFUZ N5%5
# PFONRA SRS, BRI A A0 BLE5E HKpadding 2
self.convl = Conv2d(3,32,5,padding=2)
self.maxpooll = MaxPool2d(2)

self.conv2 = Conv2d(32,32,5,padding=2)
self.maxpool2 = MaxPool2d(2)

self.conv3 = Conv2d(32,64,5,padding=2)
self.maxpool3 = MaxPool2d(2)

# BHET

# Povf A y6euxuxd, HURFESF 51024, N1024=64*Uxl
self.flatten = Flatten()

self.linearl = Linear(1024,64)

self.linear2 = Linear(64,10)

def forward(self, x):

= self.convl(x)

= self.maxpooll(x)
= self.conv2(x)

= self.maxpool2(x)
self.conv3(x)

= self.maxpool3(x)
= self.flatten(x)
= self.linearl(x)
= self.linear2(x)
return x

X X X X X X X X X
1l

test = Test()
input = torch.ones((64,3,32,32))



output = test(input)
print(output)

R ERRFS

from torch import nn
form torch.nn import Conv2d

class Test(nn.Module):
def __init__(self):
super(Test,self).__init__()

# A\ channelN3, #iitiffichannelA32, &% H5%5
# PUOABRA SRS, B AR A AT L5 Sk padding v 2
self.modell = Sequential(

Conv2d(3,32,5,padding=2)

MaxPool2d(2)

Conv2d(32,32,5,padding=2)

MaxPool2d(2)

Conv2d(32,64,5, padding=2)

MaxPool2d(2)

Flatten()

Linear(1024,64)

Linear(64,10)

def forward(self, x):
x = self.model(x)
return x

test = Test()

input = torch.ones((64,3,32,32))
output = test(input)
print(output)

WMERKE RH1EE
AR
e MEAREK

o E&: nn.LlLoss X¥K
o &
e thim x =1, 2, 3; Y=1, 2, 5
° BT LlLoss = (0+0+2)/3=0.6
o JEXR:
o —EEZRMANMEIRN;
o Bl
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import torch

from torch.nn import LllLoss

inputs = torch.tensor([1, 2, 3], dtype=torch.float32)
targets = torch.tensor([1, 2, 5], dtype=torch.float32)

inputs = torch.reshape(inputs, (1, 1, 1, 3))
targets = torch.reshape(targets, (1, 1, 1, 3))

loss = LlLoss(D

result = loss(inputs, targets)

print(result)
[ ]

° HE2: nn.MESLoss X ¥
o R
° RTAHWEFFE;
e tbtm X =1, 2,3, Y=1, 2, 5, ] MSE = (0+0+2"2)/3=14/3=1.333
o B
e loss_mes = nn.MSELoss()

®* result_mse = loss_mse(inputs,targets)

o B R X I
° AR
class)) .
loss(z, class) = —log aple| : = —z[class| + log exp(z(j])
25 exp(zj]) EJ:
o B

° RIRBATA —N=2 KK HA:

loss(z, class) = — log (%) = —z[class| + log (; exp(z[j]))

Person, dog, cat

0, 1, 2
Doop neural network
output Target
[0.1,0.2,0.3] 1
5 class
X
° Loss(x, class) = -0.2+log(exp(0.1)+exp(0.2)+exp(0.3))

RALB
B s
o R
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o R

, momentum=D,9)

qhtimirer = optim.SGD(model .parameters(), lx
optimizer = optim.Adam([varl, var2], lr=0.06081)

H params 5, RHUEN;

Ho, SGD fn Adam EFFAEALEIE R,
o Hv 1r REIERE;

o BE&: AR step Ak
o FERMIMBEN step Ak, FHATHEEN,;

for input, target in dataset:
optimizer.zero_grad()
output = model (input)
loss = loss_fn(output, target)
loss.backward()

optimizer.step()
[ ]

o Ho optimizer.zero_grad() ¥ E—HitEHERMNBERE, U LS HEHE;
RS

from torch import nn
form torch.nn import Conv2d

class Test(nn.Module):
def __init__(self):
super(Test,self).__init__()

# HiA\KchannelAN3, #Hitiffichannel H32, %HF% N5%5
# FONRA SRS, BRI A A 20 L5t Kpadding 2
self.modell = SequentialC(

Conv2d(3,32,5,padding=2)

MaxPool2d(2)

Conv2d(32,32,5,padding=2)

MaxPool2d(2)

Conv2d(32,64,5, padding=2)

MaxPool2d(2)

Flatten()

Linear(1024,64)

Linear(6d,10)

def forward(self,x):
x = self.model(x)
return X

loss = nn.CrossEntropylLoss()
test = Test()
optim = torch.optim.SGD(test.parameters(),lr=0.01)

for data in dataloader:



imgs,targets = data
outputs = test(imgs)
result_loss = loss(outputs, targets)

# ¥ E— B R AR ETEE
optim.zero_grad()

# R AR I E
result_loss.backward()
#FEBE, REEHSH
optim.step()

BRI R
B RS o
R

import torch
import torchvision
vgglée =torchvision.models.vggl6(pretrained=False)

# ORA7F 7301

# B 7RG, B ORAF TR S 4
torch.save(vggl6, "vggl6_method.pth")

# InEER

model = torch.load("vggl6_method.pth")

# fRAF7 2
# HORMF TR S, B5 X —H
torch.save(vggl6.state_dict(), "vggl6_method2.pth")

# N
vgglé = torchvision.models.vgglé6(pretrained=False)
vggl6.load_state_dict("vggl6_method2.pth")

BRI 5ERE
R

import torchvision
from torch import nn

# A

train_data =
torchvision.datasets.CIFAR10(root="../data", train=True, transform=torchvision.tran
sforms.ToTensor(),download=True)

# A B
test_data =
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torchvision.datasets.CIFAR10(root="../data", train=False,transform=torchvision.tra
nsforms.ToTensor(),download=True)

# BHERER RN

train_data_size = len(train_data)

test_data_size = len(test_data)
print("JIZHHREKEN: {}".format(train_data_size))
print ("MW EHEEKEN: {3". format(test_data_size))

#OInEHE &
train_dataloader = Dataloader(train_data,batch_size = 64)
test_dataloader = Dataloader(test_data,batch_size = 64)

# BEME ML
class Test(nn.Module):
def __init__(self):
super(Test,self).__init__()
self.model = nn.Sequential(
nn.Conv2d(3,32,5,1,2),
nn.MaxPool2d(2),
nn.Conv2d(32,32,5,1,2),
nn.MaxPool2d(2),
nn.Conv2d(32,64,5,1,2),
nn.MaxPool2d(2),
nn.Flatten(),
nn.Linear(6uxU*L 6U)
nn.Linear(64,10)
)
def forward(self,x):
x = self.model(x)
return x

if __name__ == '__main__":
test = Test()
input = torch.ones((64,3,32,32))
output = test(input)

# HHioN: torch.size([6d, 10]), FRA6WTHIE, B —1THIONEE, X+ MEERKRE—
5K B AR AN R0 24 2R
print(output.shape)

# B ZE WX 2% A T
test = Test()

# PR

loss_fn = nn.CrossEntropyLoss()

# itk

## HEALEE TR

learning_rate = 0.01

optimizer = torch.optim.SGD(test.parameters(),lr = learning_rate)



# WEIIGMER — LS
## 0GRS H
total_train_step = 0
# 0Bl
total_test_step = 0

# IR HL

epoch = 10

# ¥sJltensorBorad
writer = SummaryWriter("../logs_train")

for i in range(epoch):
print("Z {2 UIZ4IFiE" . Format (i+1))

# NP BRI

for data in train_dataloader:
imgs,targets = data
outputs = test(imgs)
loss = loss_fn(outputs, targets)

# AT Tk i > LR > ER
optimizer.zero_grad()
loss.backward()

optimizer.step()

total_train_step = total_train_step + 1

# FUIZR100KHT El— K

if total_train_step % 100 == 0:
print("JlZxk%i:{},Loss: {}".format(total_train_step, loss))
writer.add_scalar("train_loss", loss.item(),total_train_step)

# RTINS, AT LUK AN e A B — R I A R
# AN R S A TR R T
total_test_loss = 0
with torch.no_grad():
for data in test_dataloader:
imgs,targets = data
outputs = test(imgs)
loss = loss_fn(outputs, targets)
total_test_loss = total_test_loss + loss.item()
print ("#AANK4E FLoss: {}" . format(total_test_loss))
writer.add_scalar("test_loss", total_test__loss,total_test_step)

# RAF R —RIIGRE ARG 4R
torch.save(test, "test_{}.pth".format(i))
print (" D IRE")

writer.close()



¥z
e BIEHRE

o &
o E—ANBAHKESE, ER/RAELNLHN;
e BiIEEEE: MAZEMARNERSRE,;
EEREE: XKEERNEEFRIR;
o BIEH BN THEIERRRE M, MRESREZAMEREE T,
s FNERE G, . T,

h L
.E\g'.

—REEL. FEHBER;

[RIGENIE
Y853 e 2R

o 3K
o KA,
o FTEI%;
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° AR TR —E—EHETIHN, LuERNER AR LTHE;
°
o MEIF IR —k, REZEHIEZHR;
o FENLRBTLL;
o FAMLKR/N;
° FMENALE;
° Hits:
e REERE. miE, ARE;
o —RREETHAMEHRITER;
o fRAD:
e FANLELBY: shape aug = torchvision.transforms.RandomResizedCrop((200,
200),scale=(0.1,1),ratio=(0.5, 2))
o B ANEHEMBBIA/N, scale BRENRERTFL AWK, ratio MERK
tt;
° MENREBEANRE:
apply(img, torchvision.transforms.ColorJitter(brightness=0.5, contrast=0, satur
ation=0,hue=0))
o MNKEERNRE. MNHLE, BOE, &R:
e color aug

=torchvision.transforms.ColorJitter(brightness=0.5,contrast=0.5,saturati
on=0.5,hue=0.5)

R

train_augs = torchvision.transforms.Compose( [
torchvision.transforms.RandomHorizontalFlip(),
torchvision.transforms.ToTensor()])

test_augs = torchvision.transforms.Compose( [
torchvision.transforﬁs.ToTensor()]}

IBEY
e 8%y

o FIAN: WAEEM
o —ANHEME BT ADRFAR, FHEMBERIEEERTRESL LML NFHE, &R
KB R
o FAIEMEN: BT RE—IREM Softmax [EYISS, HAWFTAREEMIFIEIRER, B
IWFEERBNERER, KFHEBRATURMELSLNEXZTEE;
o B KA
s BRERERANANHKFEEL, BRIEXNKHEEEETREIEE T UBIFERE, ARATIK
Rig. HATRETIAT LUOT R ERIE & AAFAEHER ;
s BEREE—EXFREER:
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ANEEEIR(ER, ENMR

Output layer %ﬂ- ‘éj‘E Q 7
Layer L - 1 1
t
.. > AT HETL AT AR R £ 3R
y S (4R
Layer 1 -

o 523:
o BRERKIELINGFT Pre-Train, &F/E. EA—AN—RHER, AXAMIELLT
A EE R B EDIRS, RAZANF N BIRE — TR RESRALE, RAEERERE—

I3
- Random l |
Output layer initialization ~ | ©utput layer
Layer L -1 ---- copy ----»| LayerL-1
Pre-train < T 1
""" copy -
L Layer 1 copy Layer 1

o B ORI
o B—ANBEMREEE ENEEIGES, BEREBYENL;
° ERENNEIER;



o EREVHEEENR;
o REESILE T EAEFEN, BEMARREL;
o FE—KRWH, MERNLT:
o MERMWFHEEIER, =B RSN ERFEEAMAX;
e ETHEERETR—EENSE, FEE5EH;
o XE—FMIENBAE;
o R4
o IR 6 A RERIE BRI TRFRORR R, SRR BR R ER ERBAREE
s MNA4ERREREE, MARTREER. BEES;
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