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1 —. PyTorch ZH

https://docs.pytorch.org/tutorials/beginner/basics/quickstart_tutorial.html ## 7K

"5 HIRS
ROTHA. R, HAE GPU BT

[2]: import torch
import numpy as np
data = [[1, 2],[3, 4]1]
data_inv = [[-2,1],[1.5,-0.5]]

print(torch.tensor(data))

tensor = torch.rand(3,4)
print (tensor)
print (£f"Shape of tensor: {tensor.shape}")
print(f"Datatype of tensor: {tensor.dtypel}")
print(f"Device tensor is stored on: {tensor.devicel}")
if torch.accelerator.is_available():
tensor = tensor.to(torch.accelerator.current _accelerator())

print(f"Device tensor is stored on: {tensor.devicel}")

tensor = torch.tensor(data)
print(f"First row: {tensor[0]}")

print (f"First column: {temnsor[:, 0]}")
print(f"Last column: {temsor[..., -1]1}")

tensor[:,1] = 0


https://docs.pytorch.org/tutorials/beginner/basics/quickstart_tutorial.html
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print(tensor)

print(torch.ones(2,2))
print (torch.cat([tensor,torch.ones(2,2)]))

tensorl = torch.tensor(data, dtype=torch.float32)
tensor2 = torch.tensor(data_inv, dtype=torch.float32)

print("T1 @ T2:\n",tensorl @ tensor2)

tensor([[1, 2],
[3, 411D

tensor([[0.5263, 0.0916, 0.8477, 0.6796],
[0.3819, 0.5075, 0.1863, 0.6267],
[0.2974, 0.8337, 0.8945, 0.5362]])

Shape of tensor: torch.Size([3, 4])

Datatype of tensor: torch.float32

Device tensor is stored on: cpu

Device tensor is stored on: cuda:0

First row: tensor([1, 2])

First column: tensor([1, 3])

Last column: tensor([2, 4])

tensor([[1, 0],

[3, 011
tensor ([[1., 1.7,
(1., 1.1D
tensor([[1., 0.],
[3., 0.1,
1., 1.1,
(1., 1.1D
T1 @ T2:
tensor([[1., 0.7,
0., 1.11)
L B Bhis &

(PyTorch ¥RPES )RR 5eah&4E  MEMEEERE  bilibili


https://www.bilibili.com/video/BV1Y7411d7Ys/?vd_source=08d3e7d60838c4674e394b8399cb0f1a

[3]:

1 —. PYTORCH 7

Parameters

import torch

x = torch.tensor([1.0, 2.0, 3.0]) # MO\ A=
= torch.tensor([4.0, 5.0, 6.0], requires_grad=True) # &
= torch.tensor(1.0, requires_grad=True) # f@&

y = torch.tensor(1.0) # HinfE

# WM EEE: 2=z w+b
z = torch.dot(x, w) + b
# sigmoid BB T H = R XF Mk

loss = torch.nn.functional.binary_cross_entropy_with_logits(z, y)

# HEIk®

loss.backward ()

print ("===== Autograd % R =====")
print(f"z = {z.item():.4f}")
print(f"loss = {loss.item():.4f}")
{w.grad}")
{b.grad}")

print(f"w.grad

print (f"b.grad

torch.tensor (1.0, requires_grad=True)
y = torch.sin(z) + torch.cos(2 * z)
X**3

.backward ()

R
I
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print(x.grad) # MiH#%E dy/dz

===== Autograd %# R =====

z = 33.0000

loss = 0.0000

tensor ([0., 0., 0.]1)
0.0

w.grad

b.grad

tensor(3.)

1.1 HREmRE s E

BAEINZE torch.utils.data.Dataloader torch.utils.data.Dataset

[4]: import torch
from torch.utils.data import Dataset
from torchvision import datasets
from torchvision.transforms import ToTensor

import matplotlib.pyplot as plt

training_data = datasets.FashionMNIST(
root="data",
train=True,
download=True,

transform=ToTensor ()

test_data = datasets.FashionMNIST(
root="data",
train=False,
download=True,
transform=ToTensor ()

)

#

# labels_map = {

# 0: "T-Shirt",
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# 1: "Trouser",

# 2: "Pullover”,
# 3: "Dress"”,

# 4: "Coat",

# 5: "Sandal",

# 6: "Shirt",

# 7: "Sneaker",

# 8: "Bag",

# 9: "Ankle Boot",
# }

# figure = plt. figure(figsize=(8, 8))
# cols, rows = 3, 3

# for i in range(1, cols * rows + 1):

# sample_idxr = torch.randint(len(training data), size=(1,)).item()
# img, label = training data[sample_idz]

# figure.add_subplot (rows, cols, <)

# plt.title(labels_map[label])

# plt.azis("off")

# plt.imshow(img.squeeze(), cmap="gray")

# plt.show()

import os

import pandas as pd

from torchvision.io import decode_image

class CustomImageDataset(Dataset):
def __init__(self, annotations_file, img dir, transform=None,
wtarget_transform=None) :
# BEEA LN
self.img_labels = pd.read_csv(annotations_file)
self.img_dir = img_dir
self.transform = transform

self.target_transform = target_transform

def __len__(self):
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# R AN

return len(self.img_labels)

def __getitem__(self, idx):
# REEERTWEE
img_path = os.path.join(self.img_dir, self.img_labels.iloc[idx, 0])
image = decode_image (img_path)

label

self.img_labels.iloc[idx, 1]
if self.transform:
image = self.transform(image)
if self.target_transform:
label = self.target_transform(label)

return image, label

from torch.utils.data import Dataloader

train_dataloader = Dataloader(training _data, batch_size=64, shuffle=True)

test_dataloader = Dataloader(test_data, batch_size=64, shuffle=True)
# for epoch in range(1):

# for batch_<idz, (inputs, labels) in enumerate(train_dataloader):
# print (f 'Batch {batch_idx + 1}:')

# print (f 'Inputs: {inputs}t')

# print(f'Labels: {labels}t')

# Display image and label.

# train_features, train_labels = next(iter(train_dataloader))
# print (f"Feature batch shape: {train_features.size(D}")

# print (f"Labels batch shape: {train_labels.size(D}")

# img = train_features[0].squeeze()

# label = train_labels[0]

# plt.imshow(img, cmap="
# plt.show()

# print (f"Label: {labell}")

gray u)

AR TALFE torchvision.transforms #&— T B G B0 TAL 3 i fR b
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EHE R R RIS GEF 2 PIL B A NumPy $04H) #E ¥ pliap 4 M2 n] DL H 0 (i
Tensor), FfiT —uLdfng ekt By, H—1L%).

transforms.Lambda() fEF

Lambda 7] PLLEAR B 72 SRR bR HL

EHEW—AREUE NS, XA RS B B SR L

torchvision.transforms FEHKBEAT H W0 EUR TRAC BEMING 54, dnhell . BT, H—1k5%

[5]:  import torchvision.transforms as transforms

from PIL import Image

# R SCHAE T B B U K &
transform = transforms.Compose ([
transforms.Resize((128, 128)), # KE G IFE N 1282128
transforms.ToTensor(), # WEG#EANTKE
transforms.Normalize (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]).
o # AR
D

# mEE R
image = Image.open('image. jpg')

# LR T E
image_tensor = transform(image)

print (image_tensor.shape) # i HIKENIRK

transform = transforms.Compose([
transforms.RandomHorizontalFlip (), # FAMNLAKF# %%
transforms.RandomRotation(30), # FAHLIER 30 &
transforms.RandomResizedCrop (128), # FANLFFHEE N 1282128
transforms. ToTensor(),
transforms.Normalize (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, O.
~225])

#7)

HOH OFH O OHF OH OH O OB OH OH W O™ R R
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2 . F|f PyTorch HEMZML

https://www.runoob.com/pytorch/pytorch-neural-network.html
PyTorch 24t 7 VF 25 WA MZ R, LUTF LA WH:

1. nn.Linear(in_features, out_features): %42, i\ in_features MRHIE, fiith out_ features
ANMRFIE o

nn.Conv2d(in_ channels, out_ channels, kernel_size): 2D &H#Z, HTEUZ A,
nn.MaxPool2d(kernel_size): 2D fKitib)=, HTF4E.

nn.ReLU(): ReLU UG REL, % H TRBUZ .

nn.Softmax(dim): Softmax WiEKEL, WA THHE, EHTZR5KNE.

BANEE -

2.1 BUEEE (Activation Function)
BOEREE T AL R BN ZEEGE . EATRIERMER L, A 4R 2% S FIPAT R R 2%
LSS & LIS PR BB 4

1. Sigmoid: FIT /33K, HthEAE 0 A1 1 Z[a,

2. Tanh: HyHAELE -1 A1 1 206, HHTHEEZE.

3. ReLU (Rectified Linear Unit): H AT&MATIEIEREZ —, & N f(x) = max(0, x), HH)
TARRA FEE I 2K

4. Softmax: W T EAAMBIHHE, K EHOIREE S 1.

2.2 #MEEH; (Loss Function)

PR B AU T R (TR 5 S H 2 TRl 22 5
H LR R BR A4

1. #J7i% (MSELoss): [aIHEER ], H5HH 5 HAMERF 7 %
2. S XS (CrossEntropyLoss): 732K 0n) @ H, 15050 Hh A1 L SERR RS 2 18] (158 XA -
3. BCEWithLogitsLoss: —7rJ#l, 454 1 Sigmoid WUH I — 708 ik .

MSELoss - #ii\ output F'Y DAZEAR—F - FIT 514 i) @t
CrossEntropyLoss

o HT 270K CEAINREREHO
o M output: [batch, num_ classes] — logits
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o H% Y: [batch] — BEAFEARMZENZE T

BCEWithLogitsLoss - T 7 KB Z Fr% 703K - fii A\ output: [batch, 1] B [batch, num_ classes]
- FRZEY: [0,1] B float

2.3 fitkEd (Optimizer)

DL & 57 AL VI ST R o ST R 4 XA A i
RN AR SSORET

1. SGD (FEHLERE R
2. Adam (H@EMNFGT)
3. RMSprop ()75 iA%4#%)

2.4 VIR (Training Process)

WZr 2 28 S LT B3R

e s @id DataLoader fH#E#E

5E AR R BRI AG 25 o

ARG THERBR .

PR 5 BT IR, SRR .
e lid loss.backward() THEBRE .

S ZA: il optimizer.step() BRI
HE FRBIR, HBIERIHUE 2R E .

NS ot D

[6]: from torch import optim
import torch

import torch.nn as nn

# RX— R E WG AER
class SimpleNN(nn.Module) :
def __init__(self):
super (SimpleNN, self).__init__Q)
# £ nn.Sequential & X7 )E
self.layer = nn.Sequential(

nn.Linear(2,2),
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nn.RelLU(Q),

nn.Linear(2,2),

def forward(self, x):
# I AR BB AT A R
x = self.layer(x)

return X

# QAR S
model = SimpleNN()
print (model)

# BREERXFTHEE, SIARZMENE

# NG E P

torch.randn(10,2)
torch.randint(0,2,(10,)) # XKL 0 = 1

# R E & Bk
optimizer = optim.Adam(model.parameters(), 1lr=0.001)

criterion = nn.CrossEntropyLoss()

# )| A8 F

for epoch in range(100):
model .train()
optimizer.zero_grad()
output = model (X) # [10,2] logits
loss = criterion(output, Y)
loss.backward()

optimizer.step()

if (epoch+1)7%10==0:
print (f 'Epoch {epoch+1}, Loss={loss.item():.4f}')
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# RERASHK

torch.save(model.state_dict(), "simple_nn.pth")
print ("#E A 5% K F 2| simple_nn.pth")

model = SimpleNN() # S SR B 4%
model.load_state_dict(torch.load("simple_nn.pth"))
model.eval() # B EA
SimpleNN(

(layer): Sequential(
(0): Linear(in_features=2, out_features=2, bias=True)
(1): RelLUQ)

(2): Linear(in_features=2, out_features=2, bias=True)

)

Epoch 10, Loss=0.7469
Epoch 20, Loss=0.7397
Epoch 30, Loss=0.7326
Epoch 40, Loss=0.7255
Epoch 50, Loss=0.7188
Epoch 60, Loss=0.7128
Epoch 70, Loss=0.7067
Epoch 80, Loss=0.7005
Epoch 90, Loss=0.6942
Epoch 100, Loss=0.6878
A 545 B R 75| simple_nn.pth

[6]: SimpleNN(
(layer): Sequential(
(0): Linear(in_features=2, out_features=2, bias=True)
(1): ReLUQ)

(2): Linear(in_features=2, out_features=2, bias=True)
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3 =. BRHZLME (CNN)

3.1 LeNet

C3: f. maps 16@10x10
INPUT CA1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 S2: f. maps C5: layer X
r 36 F& layer (_;JlblTPUT

sior e
T

‘ Full conrlleclion ‘ Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

JZ

& ZE O WmAR FHR

5O ~F ~F AR Bomwse  1EH

1 AN 1x32x32- KIZ G - padding B 151 45 2%
Z

2 FBRB 1x32x32 6x28x28 Conv(5x5), stride=1, & Tanh S HUR 2 RAAE
= C1 padding

3 itk 6x28%28 6x14x14 AvgPool(2x2) - G2 A N
Z S2 B, R R EF I RE

4 EBER 6x14x14 16x10x10Conv(5x5) Tanh RECEEE, BEER
2 C3 R &

5 Wik 16x10x1006x5x5 AvgPool(2x2) - BE— D B, P
2 S4 YESE

6 4%  16x5x5 120 Linear Tanh ¥ 2D HFAE P ST R
®E 1D [A) &
F5

7T Ak 120 84 Linear Tanh HE— DR EH A AR
%z LA 4
F6

8 fi t 84 10 Linear Softmax (& KRHAE B 2126 51
= )

B AR | B AR | | BUARRELE | | - | : | : | | REER: | &

Mgt R SR X IEAE, ARk | EREIZOEE | | BUEILE | A— SR aE KA



[7]:
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FrEEs | RS8R | | R | REURESHEE, WA | 4L ONN 50k i
MALBCE ST | | 20 ZRAEHI | WRE B R RE P R BURHL | B TR 2% (LAl AR | |
tanh e | FIEGE R BOLERE, BiEARAPER K | BUCHRA Z M ReLU X |

# LelNeth
# LeNet-5 1)

% MNIST F5#H 5 R

import torch

import torch.nn as nn

import torch.optim as optim

import torch.nn.functional as F

from torchvision import datasets, transforms

from torch.utils.data import Dataloader

#
# 1. BEMRETE
#

transform = transforms.Compose([
transforms.Resize((32, 32)),
transforms.ToTensor(),
transforms.Normalize((0.1307,), (0.3081,))
D)

train_dataset = datasets.MNIST(root='./data', train=True, transform=transform,,
~download=True)
test_dataset = datasets.MNIST(root='./data', train=False, transform=transform,,

<.download=True)

train_loader = Dataloader(train_dataset, batch_size=64, shuffle=True)

test_loader = Dataloader(test_dataset, batch_size=1000, shuffle=False)

#
# 2. X LeNet-5 1A
#

class LeNet5(nn.Module):
def __init__(self):
super (LeNet5, self).__init__()
self.convl = nn.Conv2d(1, 6, kernel size=5) # ¥\ 1 ##, W 6 #&



3 =. B (CNN) 14

self.conv2 = nn.Conv2d(6, 16, kernel size=5) # M\ 6 @i, M 16 #EiE

self.fcl = nn.Linear(16%5%5, 120) # BTN EEE
self.fc2 = nn.Linear (120, 84)
self.fc3 = nn.Linear(84, 10) # Wd 10 % (0-9

def forward(self, x):
x = F.tanh(self.convl(x))
x = F.avg_pool2d(x, 2)

x = F.tanh(self.conv2(x))
F.avg_pool2d(x, 2)

x = x.view(-1, 16%5%5)

x = F.tanh(self.fc1(x))
x = F.tanh(self.fc2(x))

x = self.fc3(x)
return x

#

# 3. Y5 N %k

# —

device = torch.device('"cuda" if torch.cuda.is_available() else "cpu")
model = LeNet5().to(device)
optimizer = optim.Adam(model.parameters(), 1lr=0.001)

criterion = nn.CrossEntropyLoss()

def train(epoch):

model .train()

for batch_idx, (data, target) in enumerate(train_loader):
data, target = data.to(device), target.to(device)
optimizer.zero_grad()
output = model(data)
loss = criterion(output, target)
loss.backward ()

optimizer.step()

if batch_idx % 100 == 0:
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print (f"Train Epoch: {epoch} [{batch_idx * len(data)l}/

~{len(train_loader.dataset)} "

£"({100. * batch_idx / len(train_loader):.0f}’,)]\tLoss:

witem():.6f}1")

def test():
model .eval()
test_loss = 0
correct = 0
with torch.no_grad():
for data, target in test_loader:
data, target = data.to(device), target.to(device)
output = model(data)
test_loss += criterion(output, target).item()
pred = output.argmax(dim=1, keepdim=True)
correct += pred.eq(target.view_as(pred)).sum().item()
test_loss /= len(test_loader)
print(£"\nTest set: Average loss: {test_loss:.4f}, "
f"Accuracy: {correct}/{len(test_loader.dataset)} "
£"({100. * correct / len(test_loader.dataset):.2f}%)\n")

#

# 4. FUVHEIR

#

for epoch in range(1l, 6): # Y% 5 REVHAZE| Y 99 HHE
train(epoch)
test ()

#

#5 REER

#

torch.save(model.state_dict(), "lenet5_mnist.pth")
print ("# A E{RF 4 lenet5_mnist.pth")

Train Epoch: 1 [0/60000 (0%)] Loss: 2.303271
Train Epoch: 1 [6400/60000 (11%)] Loss: 0.405319
Train Epoch: 1 [12800/60000 (21%)] Loss: 0.279895

15

{loss.
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Train Epoch: 1 [19200/60000 (32%)] Loss: 0.145995
Train Epoch: 1 [25600/60000 (43%)] Loss: 0.131634
Train Epoch: 1 [32000/60000 (53%)] Loss: 0.123086
Train Epoch: 1 [38400/60000 (64%)] Loss: 0.067663
Train Epoch: 1 [44800/60000 (75%)] Loss: 0.232855
Train Epoch: 1 [51200/60000 (85%)] Loss: 0.178002
Train Epoch: 1 [567600/60000 (96%)] Loss: 0.136303

Test set: Average loss: 0.0810, Accuracy: 9747/10000 (97.47%)

Train Epoch: 2 [0/60000 (0%)] Loss: 0.038945

Train Epoch: 2 [6400/60000 (11%)] Loss: 0.078147
Train Epoch: 2 [12800/60000 (21%)] Loss: 0.072432
Train Epoch: 2 [19200/60000 (32%)] Loss: 0.075886
Train Epoch: 2 [25600/60000 (43%)] Loss: 0.067637
Train Epoch: 2 [32000/60000 (53%)] Loss: 0.077059
Train Epoch: 2 [38400/60000 (64%)] Loss: 0.039917
Train Epoch: 2 [44800/60000 (75%)] Loss: 0.134900
Train Epoch: 2 [51200/60000 (85%)] Loss: 0.007279
Train Epoch: 2 [57600/60000 (96%)] Loss: 0.160271

Test set: Average loss: 0.0493, Accuracy: 9852/10000 (98.52%)

Train Epoch: 3 [0/60000 (0%)] Loss: 0.116203

Train Epoch: 3 [6400/60000 (11%)] Loss: 0.013806
Train Epoch: 3 [12800/60000 (21%)] Loss: 0.063120
Train Epoch: 3 [19200/60000 (32%)] Loss: 0.121587
Train Epoch: 3 [25600/60000 (43%)] Loss: 0.017577
Train Epoch: 3 [32000/60000 (53%)] Loss: 0.035370
Train Epoch: 3 [38400/60000 (64%)] Loss: 0.052557
Train Epoch: 3 [44800/60000 (75%)] Loss: 0.014256
Train Epoch: 3 [51200/60000 (85%)] Loss: 0.088636
Train Epoch: 3 [57600/60000 (96%)] Loss: 0.031196

Test set: Average loss: 0.0528, Accuracy: 9838/10000 (98.38%)

Train Epoch: 4 [0/60000 (0%)] Loss: 0.125415
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Train Epoch: 4 [6400/60000 (11%)] Loss: 0.021453
Train Epoch: 4 [12800/60000 (21%)] Loss: 0.041542
Train Epoch: 4 [19200/60000 (32%)] Loss: 0.009439
Train Epoch: 4 [25600/60000 (43%)] Loss: 0.003189
Train Epoch: 4 [32000/60000 (53%)] Loss: 0.107843
Train Epoch: 4 [38400/60000 (64%)] Loss: 0.006169
Train Epoch: 4 [44800/60000 (75%)] Loss: 0.050137
Train Epoch: 4 [61200/60000 (85%)] Loss: 0.011617
Train Epoch: 4 [57600/60000 (96%)] Loss: 0.016562

Test set: Average loss: 0.0458, Accuracy: 9862/10000 (98.62%)

Train Epoch: 5 [0/60000 (0%)] Loss: 0.035851

Train Epoch: 5 [6400/60000 (11%)] Loss: 0.001429
Train Epoch: 5 [12800/60000 (21%)] Loss: 0.096324
Train Epoch: 5 [19200/60000 (32%)] Loss: 0.007473
Train Epoch: 5 [25600/60000 (43%)] Loss: 0.020111
Train Epoch: 5 [32000/60000 (53%)] Loss: 0.061460
Train Epoch: 5 [38400/60000 (64%)] Loss: 0.035190
Train Epoch: 5 [44800/60000 (75%)] Loss: 0.006228
Train Epoch: 5 [51200/60000 (85%)] Loss: 0.084266
Train Epoch: 5 [567600/60000 (96%)] Loss: 0.117010

Test set: Average loss: 0.0413, Accuracy: 9876/10000 (98.76%)

A EfRHF A lenet5_mnist.pth

3.2 AlexNet

o EIRIFHEE N 4 L5 R
o ReLU ¥ & i
o JEERWRIH—4 (LRN) FfEH
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AT PiEEA, AlexNet 51 A 7 2 dE 52 Dropout £ . s amnr LU
B L BET AR AR M, SN SREE I 2 AENE, SRS )2 AL RE 7T - Dropout MR LEIZRid A% BEAL
& LI TT, S 2% 57 ] 2 AN AR T4, T3 w46 172 AL 2 7). Dropout
] B SR Ut Al A A AT P AZ R A, 1RSI ST BBORAE A —E FIMEZ p (5 1B TAE, IXFE] DAEAR
R AVETE 98, PROAE A 2 RS 26 S 0 FR AL

MR —

= BRHEMLZ (CNN)

LRN EFEHREMMMEEZ BEIRIIN— M —(iRE, BEHES, 81 SRZEN—
YHEE (feature map) , LRNFEEXXEAHIEFTIH—b, BEAER, T MHEE
FREMIE, HHRZNERBRGERIFOM, ARESEIERMERERERRLUX T, T
BRI FAR T

Ay

(N-1, 2 ]
(o ST (L))

bfi,y =

Heh, b, FoE 1 MEIEENS (z,y) BA—KE, ab, T35 i MHEEEVS
(z,y) NESAE, nFRBEAN, NEMSIELE, k. aff E%ﬁl, EHEE
k=2 a=10"*#18=0.75.
LRN A EEENEISR R TAINEAL, M TIEE 7 #E T iURAIRN, IXFRAE—EiemE
BRI, FHESMRIZIkEE

o HHEIEEEF Dropout

o KA AT 2 25

BRANE 28 22 L[R2 AlexNet

55

13

,
[
e 55
i) Qs T N E :
PR N B b NOEE >
N\ s 8
N R S| [\J27
\ 0 N | 3 L | -
: 18 S 2048
! 27 128 3 iz 2048
N 55
11 } | ERR 1000
SEl R |,
\ 7 i T
) S |55 A =i » |Dense
It S S L ¥ L P.F 3L Dense| |Densd
| 5 l 7 128
Strid 128 :ﬂaxr i
tof4 Max Max qeuns
3 a4  Pooling Pooling
Local Response Local Response

Normalization Mormalization

18

P R HEAT e H |


https://zhuanlan.zhihu.com/p/618545757
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= BN K i 1 K

ko R ZH 7 T 7N

1 Convl  kernel=11, stride=4, pad=2, 224x224x3(224+2x2—11)/4 +1  55x55x96

out__ch=96 = 55)

2 ReLU — 55%55x96 A Rk 55%55%96
MaxPoollkernel=3, stride=2 55x55x96 ((55—3)/2 + 1 = 27) 27x27%x96
Conv2  kernel=5, stride=1, pad=2, 27x27x96 ((274+2%x2—5)/1 + 1 = 27x27x256

out__ch=256 27)
5 ReLU — 27 x 27 x 2561°4% 27x27x256
MaxPool2kernel=3, stride=2 27x27x254(27—3)/2 + 1 = 13) 13x13x256
7 Conv3  kernel=3, stride=1, pad=1, 13x13x25Q(13+2x1-3)/1 + 1 = 13x13x384
out_ ch=384 13)

8 Conv4  kernel=3, stride=1, pad=1, 13x13%x384(1342x1-3)/1 + 1 = 13x13x384
out_ ch=384 13)

9 Convbs  kernel=3, stride=1, pad=1, 13x13x384(13+42x1-3)/1 + 1 = 13x13x256
out_ ch=256 13)

10 MaxPool3kernel=3, stride=2 13x13%x25@(13—3)/2 + 1 = 6) 6x6x256

11 Flatten — 6x6x256 fef 9216

12 FC1 Linear(9216—4096) 9216 — 4096

13 FC2 Linear(4096—4096) 4096 — 4096

14 FC3  Linear(4096—1000) 4096 — 1000

import torch

import torch.nn as nn

class AlexNet (nn.Module):

def __init__(self, config):

super (AlexNet, self).__init__()

self._config = config

# EXEREMMAE

self.features = nn.Sequential(

nn.ReLU(inplace=True),

nn.ReLU(inplace=True),

nn.MaxPool2d(kernel _size=3, stride=2),

nn.Conv2d (3, 64, kernel_size=11, stride=4, padding=2),

nn.Conv2d (64, 192, kernel_size=5, stride=1, padding=2),
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nn.MaxPool2d (kernel_size=3, stride=2),
nn.Conv2d (192, 384, kernel_size=3, stride=1, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d (384, 256, kernel_size=3, stride=1, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d (256, 256, kernel_size=3, stride=1, padding=1),
nn.RelLU(inplace=True),
nn.MaxPool2d(kernel size=3, stride=2),
)
# HENE, ¥ E—BENEERHIRAK 626 AN
self.avgpool = nn.AdaptiveAvgPool2d((6, 6))
# 2EEE
self.classifier = nn.Sequential(
nn.Dropout (),
nn.Linear (256 * 6 * 6, 4096),
nn.ReLU(inplace=True),
nn.Dropout (),
nn.Linear (4096, 1024),
nn.ReLU(inplace=True),

nn.Linear (1024, self._config['num_classes']),

forward(self, x):

x = self.features(x)

x = self.avgpool(x)

x = torch.flatten(x, 1)
x = self.classifier(x)
return x

def saveModel(self):

torch.save(self.state_dict(), self._config['model_name'])

def loadModel(self, map_location):

state_dict = torch.load(self._config['model_name'],

~map_location=map_location)
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self.load_state_dict(state_dict, strict=False)

import torchvision
from torch.utils.data import Dataloader
import torchvision.transforms as transforms
# A1 B 70 3 A B R R
def Construct_Datal.oader(dataset, batchsize):
return Dataloader(dataset=dataset, batch_size=batchsize, shuffle=True)
# BRI
transform = transforms.Compose ([
transforms.Resize(96),
transforms.ToTensor(),
transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))
D
# fn#k CIFAR-10 ¥ 1B % ¥
def LoadCIFAR10(download=False):
# Load CIFAR-10 dataset
train_dataset = torchvision.datasets.CIFAR10(root='../CIFAR10', train=True,
~transform=transform, download=download)
test_dataset = torchvision.datasets.CIFAR10(root='../CIFAR10', train=False,
otransform=transform)

return train_dataset[:10], test_dataset[:10]

from torch.autograd import Variable

from torch.utils.data import Dataloader

import torch.nn as nn

class Trainer(object):
# AR, BRESH. AhBEMRABEK
def __init__(self, model, config):
self. _model = model
self._config = config

self. optimizer = torch.optim.Adam(self._model.parameters(),\
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lr=config['lr'],
~weight_decay=config['12_regularization'])
self.loss_func = nn.CrossEntropyLoss()
# X EANNMEREXTINE, AEUEEE. TERL. RAtEREHFEESHK
def _train_single_batch(self, images, labels):

y_predict = self._model(images)

loss = self.loss_func(y_predict, labels)

# AU BERT, WRAEE, MAZXAMHERM E—A mini-batch H X
self. optimizer.zero_grad()

# R E &I E

loss.backward ()

# HMETRERIE EFSK

self._optimizer.step()

# K loss WEIREUK python B float KA

loss = loss.item()

# T E) s E

# XEW y_predict = NMEANnEmdE, B dim 82N 1, BIREE N4
H B A B E LR T AT

_, predicted = torch.max(y_predict.data, dim=1)

return loss, predicted

def _train_an_epoch(self, train_loader, epoch_id):

nnn

W —A Epoch, BIRINEE T AHALITAHL —R

# W EHEA GINEER, BA dropout LK batch normalization
self. model.train()

total = 0O

correct = 0

# )\ DataLoader FREBUNMEW id LUK HKIE
for batch_id, (images, labels) in enumerate(train_loader):
images = Variable(images)

labels = Variable(labels)

22
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if self._config['use_cuda'] is True:

images, labels = images.cuda(), labels.cuda()

loss, predicted = self._train_single_batch(images, labels)

# TENEEHE
total += labels.size(0)

correct += (predicted == labels.data).sum()

# print (' [Training Epoch: {}] Batch: {}, Loss: {}'.format(epoch_id,
wbatch_id, loss))
print('Training Epoch: {}, accuracy rate: {}%%'.format(epoch_id,,,
~correct / total * 100.0))

def train(self, train_dataset):

# REFER GPU fwik

self.use_cuda()

for epoch in range(self._config['num_epoch']):
print('-' * 20 + ' Epoch {} starts '.format(epoch) + '-' x 20)
# 3% DataLoader
data_loader = DatalLoader(dataset=train_dataset, batch_size=self.

~_config['batch_size'], shuffle=True)

# YIE— MK

self._train_an_epoch(data_loader, epoch_id=epoch)

# ATHERMKEIHE Py EHATIHE, R cupd 7 FN 425
def use_cuda(self):
if self._config['use_cuda'] is True:
assert torch.cuda.is_available(), 'CUDA is not available'
torch.cuda.set_device(self._config['device_id'])

self. model.cuda()

# RV ST Ryt A
def save(self):
self._model.saveModel ()
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from torch.autograd import Variable
# EXSHEERR

alexnet_config = \

{
'num_epoch': 20, # I ZR3 ok EK
'batch_size': 500, # BN ENGNFEALE
'"Ir': 1e-3, # FIE
'12_regularization':le-4, # L2 ENM R
'num_classes': 10, # KK R % H
'device_id': O, # R GPU &M ID T
'use_cuda': True, # EEEF CUDA fnik
'model name': '../AlexNet.model' # FREEE W X4

}

#

# 2f __mame__ == "__main__":

# L

o BB BB R BB BB R R R R B R B R BB R BB R BB BB BB BB BB R
# # AlexlNet A

]}
e e e et
train_dataset, test_dataset = LoadCIFAR10(True)
# define AlexNet model
alezNet = AlexzNet (alexznet_config)

HOW" W W W

]

BN o s b L b b L L e b b s
# # BRI AW B

]

B
# # LEIER I %S
trainer = Trainer(model=alexzNet, config=alexnet_config)

# # )%

## REHER

#
#
#
# tratner. train(train_dataset)
#
# trainer. save ()

#
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# u
S RRBRARARBR AR AR AR AR ARARABABARABABR AR A BARARA B R R U RA R U B U R U R R RURHRRRHRR AR AR AR AR AR AR ABARARH
# # B AR O B
]}
B e e i e e i
alexNet.eval ()
alezNet. loadModel (map_location=torch.device('cpu'))
if alexnet_config['use_cuda']:

alexNet = alexzNet.cuda()

correct = 0
total = 0
# MR EFHENERFATHN, FTEH TR E

for images, labels in Construct_DataLoader(test_dataset,

H OB OR O R W OB R R

waleznet_config['batch_size']):

Variable(images)

Variable(labels)

images

labels

if alexnet_config['use_cuda']:
images = images.cuda ()

labels = labels.cuda()

y_pred = alezNet (images)
_, predicted = torch.maz(y_pred.data, 1)
total += labels.size(0)
temp = (predicted == labels.data).sum()
correct += temp
print ('Accuracy of the model on the test images: 4.2f%%' % (100.0 *,
wcorrect / total))

H O OH OHF OH O OB R O R O™ R R

3.3 ResNet BREMZ %

W 28 2 AT I, REARDKS FE AN S BB T T, 10 S RN 2] — € M H LUR, IIZ0FE
JEERTI RS LA T R, XU 2 R ARG ARR LUA TR 28 i 3 #5 SN LA 1o 2 PR D
22 AL S AR AR IR T ZEAN W AL R L, T 24 X 28 SR ORI, B FEAE AR R I A rh 2B 2k
(ERR A Sigmoid p%L, XTI 1 BIES, REHjaHEE =, BERERCVERE 0.25, =
Hobi 2, JEIGERITED, SETCIEN AT P28 2 B AT A R
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#ARHELL (batch normlization) A1 AL AT DL g 18R AL A i AL, (BRI PERERT Re B L. IR
JEIR T, HREBEH BT T

N T AR FEE IR (1 [R] I P E AN IR AL 3R HH AR 2 R 4%
https://cloud.tencent.com/developer/article/2286760

ResNet W2 Z% 1 VGG19 M4, FEHIEA LT TE0k, i FEsyLminA 1k % %o,



=, BRRMZ R (CNN)
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IS IR
BBt R R ZHIE ~ i N v b R
WMAMB 1 Convl kernel=7x7, stride=2, 224 %224 X324+2x3—7) / 2R 212 X 64
pad=3, out_ ch=064
MaxPooll kernel=3x3, stride=2 112x112X642—3)/2+1=56 X 56 X 64
Conv2_x 3 Residual [1x1,64; 3x3,64; 1x1,256]  56x56 x 641 H 1HiE 56 X 56 X256
BBt Block x3 256
Conv3_x 4 Residual [1x1,128; 3x3,128; 56 56 x 2538 [F] 3} « 28 x28x 512
BB Block x4 1x1,512] (stride=2) I IE I
Conv4_x 5 Residual [1x1,256; 3x3,256; 28 x 28 x 5 TR A F- 14x14x1024
BBt Block x6 1x1,1024] (stride=2) pGIRENINEES
Conv5_x 6 Residual [1x1,512; 3x3,512; 14 x 14 x 1624819 7X7x2048
MrBt Block %3 1x1,2048)] (stride=2) SEBERIERY
KB 7 AvgPool kernel=7x7 TXTx204&m 3 1x1x2048
o4
8 FC (&%#) Linear(2048—1000) 2048  — 1000 2%
B
i RREE
B B EA N IEIE wmiE o R Block #  {EH]
LITIAN Convl+Pool 3 — 64 64 22456 — WD BN G RFE
Conv2_x Stage 1 64 — 256 256 56x56 3 BoHEREY ], REF
Conv3_x Stage 2 256 — 512 512 28x28 4 FERAE + RRAEIIA
Conv4_x Stage 3 512 — 1024 1024 14x14 6 T SRR R X
Conv5_x Stage 4 1024 — 2048 2048 77 3 FRAE S, 4y AL
I3k Pool + FC 2048 1000 1x1 — HrHt TmageNet 1000 25

A TRERR GBS EREZINZS N (), mESHRLE (), WA:

(Y= () + TSR GRS BNE: ()
it () B, BIOBEELEA 1, WTHE T BEEMEE, WEEEETII%.

At i

() +1

VR S R RE NS 8 G Ml G AR R HE B A AE S B BRI, DRAERT RS B HING . FR IS5 H RS N
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oA FEE I A 3t R P Ao P 9 2 Tm) AL, PRAE s e s FE Y 1) It
M EEKA LAY, EAf PR LS, A Lk,
RN Bk S, H(x)=F(x)+x, W% F(x) M x FE@EEME, WA RN, AisiEA -

SEZEI) Connection #4), FKoniHEAF, a1 E BRI — M @RS = A B, #2& 3x3x64
MIRFIER, BT EEAER, FrUeRATE TN ()= () +

LRI Connection #B4y, FonBIEAR, W LB - NGEEERANE = NGEEHEE, 2H2
3x3x64 Fl 3x3x128 MHFIERE], WIEAE, RAMTETXN ()= () +w, HF w Z2EHREME,
FRIA % x 411 .

import torch
import torch.nn as nn

import torch.nn.functional as F

#
# & X Bottleneck % %3 (ResNet-50 HIAZ /L4 H)
#

class Bottleneck(nn.Module):
expansion = 4 # WMHHEHEY EBEE: ResNet-50/101 # 1 4 &

def __init__(self, in_channels, mid_channels, stride=1, downsample=None):
super (Bottleneck, self).__init__()
# 1x1 (&%
self.convl = nn.Conv2d(in_channels, mid_channels, kernel_size=1,
~bias=False)
self.bnl = nn.BatchNorm2d(mid_channels)
# 3x3 &
self.conv2 = nn.Conv2d(mid_channels, mid_channels, kernel_size=3,
stride=stride, padding=1, bias=False)
self.bn2 = nn.BatchNorm2d(mid_channels)
# 1x1 FH4#
self.conv3 = nn.Conv2d(mid_channels, mid_channels * self.expansion,
~kernel size=1, bias=False)

self.bn3 = nn.BatchNorm2d(mid_channels * self.expansion)

self.relu = nn.ReLU(inplace=True)
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self.downsample = downsample # WRIMANMERTFILE, FATHEES X

self.stride = stride

def forward(self, x):
identity = x # REWAUATARZEH

# EHX
out = self.convl(x)
out = self.bni(out)

out = self.relu(out)

out = self.conv2(out)
out = self.bn2(out)

out = self.relu(out)

out = self.conv3(out)

out = self.bn3(out)

# WRBHEFRTALE, WERGHTERRE
if self.downsample is not None:

identity = self.downsample(x)

# FREM P
out += identity

out = self.relu(out)

return out

#
# & X ReslNet F{R#EH
#

class ResNet (nn.Module) :
def __init__(self, block, layers, num_classes=1000):

nimnun

block: ’ZHR KA (Bottleneck)



=, BHMHZMZ (CNN) 31

layers: BN MBWAEZSRKEI X [3, 4, 6, 3]
super (ResNet, self).__init__()
self.in_channels = 64 # 4 if #4%

# B

self.convl = nn.Conv2d(3, 64, kernel_size=7, stride=2, padding=3,
~bias=False)

self.bnl = nn.BatchNorm2d(64)

self.relu = nn.ReLU(inplace=True)

self .maxpool = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

# HREWE (Conv2_z ~ Conus_z)

self._make_layer(block, 64, layers[0], stride=1) # 56x56
self._make_layer(block, 128, layers[1], stride=2) # 28x28
self._make_layer(block, 256, layers[2], stride=2) # 14x14
self._make_layer(block, 512, layers[3], stride=2) # 7x7

self.layerl

self.layer2

self.layer3

self.layer4

# 0 Rh &
self.avgpool = nn.AdaptiveAvgPool2d((1, 1)) # M 1x1 &AE

self.fc = nn.Linear(512 * block.expansion, num_classes)

# SHAEN
for m in self.modules():
if isinstance(m, nn.Conv2d):
nn.init.kaiming normal_(m.weight, mode='fan_out',
ononlinearity='relu')
elif isinstance(m, nn.BatchNorm2d):
nn.init.constant_(m.weight, 1)

nn.init.constant (m.bias, 0)

# HEEN stage (S NERERESR)

def _make_layer(self, block, mid_channels, blocks, stride=1):
downsample = None
# EFEREXRTHBEY, A 1x1 EFRAEER

if stride != 1 or self.in_channels != mid_channels * block.expansion:
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downsample = nn.Sequential(
nn.Conv2d(self.in_channels, mid_channels * block.expansion,
kernel _size=1, stride=stride, bias=False),

nn.BatchNorm2d (mid_channels * block.expansion),

layers = []

# F—A block FREFE TR

layers.append(block(self.in_channels, mid_channels, stride, downsample))
self.in_channels = mid_channels * block.expansion

# HA& block RITRFFL

for _ in range(1l, blocks):

layers.append(block(self.in_channels, mid_channels))

return nn.Sequential (*layers)

forward(self, x):
# B

x = self.convl(x)
x = self.bnl(x)
x = self.relu(x)

x = self.maxpool (x)

# REME
self.layerl(x)

™
Il

self.layer2(x)

i
]

x = self.layer3(x)
x = self.layer4(x)

# RN

x = self.avgpool(x)
x = torch.flatten(x, 1) # E-T
x = self.fc(x)

return x
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#
# H# ResNet-50 L1
#
def ResNet50(num_classes=1000):

return ResNet(Bottleneck, [3, 4, 6, 3], num_classes)

#

# WK P 2 4 A

#

if __name__ == "__main__":

model = ResNet50(num_classes=1000)

X = torch.randn(1, 3, 224, 224)

y = model (x)

print("# H 4 E :", y.shape) # torch.Size([1, 1000])

M 4E: torch.Size([1, 1000])

4 M. JEIFRERLE

4.1 RNN

https://zhuanlan.zhihu.com/p/19700766543
https://blog.csdn.net /weixin_ 63685622 /article/details /138789686
https://www.cnblogs.com /flyup /p/18903402

https://www.runoob.com/nlp/recurrent-neural-network.html

RNN (Recurrent Neural Network) J&—2&H T A3 7 FI 50 FI A2 N 4%, Bd I 78 4% 5] AT
W, R RERBURE (hidden state) ALK T4 HT BFIFIN, AT 1 — B 18] 25 (1 B 80k
Ao RNN X BAFHIRE (FFE A E, B8, s HAb 7 st 7 508t mEdE R
BR R EAE BT RS B ULAGE UE R . A RNN BFIIXFIEE ST, IR 22 )AL il i
B B S AL HLASEHEECL RN o B SE NLP s 1a] @RI A i €Al

fEIZ5% RNN B, 8% 48 A I & #iE L i) [A] (Backpropagation Through Time, BPTT) KitH
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FREEIFEEHTALE . BPTT K RNN I — MR R FH, RS PR AT S A 5 4

FhE RNN (Vanilla RNND FJEEBURESEH AR N: h, = tanh(Wyh,_ + Wz, + b)) - H W,
W, "R EMERE, 20T RBURSHMA R E. - b, £IMEE - tanh BOHRE, SR

: Unfold . l .

v | u v | u
o ® © @
BEBEVH 2R /BR R YR R A

AEBEBAT B 18] 32 5 AT = B, 10,83 NG, SelBe i 2 u oA Bas s, U RNN e fif 5.
HURT AR RE IS Co REAMZIMTIE, v —EANZIFEE, H = Z 2R K):

hl — UfL‘l +Vh0+b1,01 — Wh1+b2
h2 :U-'E2+Vh1+bl,02 :Wh2+b2

h3 == Uﬂ?g +Vh2 +bl’03 = Wh3 +b2

A t=3 B %], KRB Ly = L(y; — o)

OLy 0Ly Doy
OW ~ Doz OW
OLy Ly 8o3 Ohy &Lz Hog Ohy Ohy  OLs Doy Oy Ohy Oy

OU — Doy Ohy OU | 0y Ohy Ohy OU | Dog Ohg Ohy Ohy OU
OL;  OLs Doy dhy 0Ly Do3 Ohy Ohy DLy Doy Ohy Ohy Ohy

OV~ Doy Ohy OV | 00s Ohy Ohy OV | Dog Ohy Ohy Ohy OV

A LA O WSR3 BA IR, B UL VRIS, SBEE R 87 517 A .
N hy BEE IR P [A AT, 0 by, SOZ UV HIRREL

AU AR ZX Uy VR 3HA R

ZaL Do, Oh; \Oh
9o, ah L on, o
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RN R £
eT — e~
tanh(z) =
anh(x) prp—
j

oh; ¢

t
H 8h»] = H tanh'V

j=k+1 77791 =gl

BOE R tanh ERKMENT 1, BAETRADT 18, 2A0T 1 KBGERZ G, TR 2ok
N, SBEEERANZZRIBCER S LT 0, a2 il LT AR, Xl R R AR
o (BREEARAEZ AR R, R ARG E T 1, s R, 24 KF 1 iEE
R, KrRKBGH, FEWBOEERIEAR, BALEREL)

RNN HZ#24k

one t—o one cie to many many to OT many t—o many m—a_ny t_o mj\y

| OUQ i U0 OO

t t 11 t t 1t t ot t
M A THHAH DA

t t Pttt Pttt t ot ot

1 ] Jog  ObC 1]
XA XA &, HMBIE Tag4 Al

import torch
import torch.nn as nn

import torch.optim as optim

# EX—/f 28 RVN A
class SimpleRNN(nn.Module):
def __init__(self, input_size, hidden_size, num_layers, num_classes):
super (SimpleRNN, self).__init__()
self .hidden_size = hidden_size

self .num_layers = num_layers

# RNN 2

self.rnn = nn.RNN(input_size, hidden_size, num_layers, batch_first=True)
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eEEE

self.fc = nn.Linear(hidden_size, num_classes)

def forward(self, x):
# M HREBERES ho

hO = torch.zeros(self.num_layers, x.size(0), self.hidden_size).to(x.

~device)

# Fl I E

out, _ = self.rnn(x, hO) # out: (batch, seq len, hidden_size)

# B fa— B R P AT R
out = self.fc(outl[:, -1, :]1)

return out

# BEKAmAIZE 10 MEXR, EMEAZ—AKEN 5 WFF, B TEE
batch_size = 10

seq_length = 5

input_size = 3

hidden_size = 8
num_layers = 1

num_classes = 2

# BALH N HIE 5 A7 A

X

torch.randn(batch_size, seq_length, input_size)

y = torch.randint(0, num_classes, (batch_size,))

# EPIHER

model = SimpleRNN(input_size, hidden_size, num_layers, num_classes)

# RXMKEHKE LR

criterion

nn.CrossEntropyLoss ()

optimizer = optim.Adam(model.parameters(), 1lr=0.01)

# ) GETH

3 HAFAE
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for epoch in range(100):
# HI |
outputs = model(x)

loss = criterion(outputs, y)

# Rfed&5 E
optimizer.zero_grad()
loss.backward()

optimizer.step()

if (epoch + 1) % 20 == 0:
print (f 'Epoch [{epoch+1}/100], Loss: {loss.item():.4f}')

Epoch [20/100], Loss: 0.4287
Epoch [40/100], Loss: 0.1068
Epoch [60/100], Loss: 0.0075
Epoch [80/100], Loss: 0.0031
Epoch [100/100], Loss: 0.0021

4.2 LSTM

https://zhuanlan.zhihu.com/p/123857569

https://blog.csdn.net/mary19831 /article/details /129570030

https://zh.d2l.ai/chapter recurrent-modern/lstm.html
https://mp.weixin.qq.com/s?___ biz=MjM5NzEyMzgdMA ==&mid=2649509456&idx=5&sn=08259f76992575abh2

LSTM (KAERCIZMEE) & —Fhi T A0 3 7 51 508 FIR B 22 S, &40 RNN (JEF 2
25 AHEE, LSTM 5N T =AM Gl BT S, s B FA—NHRE (cell
state), XLEHLHEFF LSTM FEME 5 byt ab 3 5 51 H (1K AR ok R o

LSTM Mt Z W1t i Tt — i RNN At 748 AR IR el i, A LSTM W] LA 2L
% 33 AN I K 18] Fr 1 o 145 BOF BN & S EORIN I BT A9A G B ang GED » SRR,
LSTM & 7] LAf# R RNN H I LT 2% /M ] R
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s, 4
-::E_'E _— ® \I - C..

B @A

F‘I ].'
o
T } .
-1 \_ I( _/J
WA X,

o *giﬁgﬂ O srzzsr b osw T E&

LSTM %Lt AE T 31N Tei2 5 (Cell State) Fl— R FITTHEHLH]:

BIZETT (Cell State): &M FREANFHINEINEE, HTAAEAEEHE . iCi2 8ok
LSTM [ 8]0 Z 18] fREFAE B ARE AN, AR ER N RHEHCIZE “F 887 KM i LSTM
BEMSAT R Al E” KINTa 2R B ZE S, B 740 RNN FEK 7 41 A s 50045 2 I 1) i
fCRTEIRE 2R 7 SIS (8 220 Bg, s BT LS, (HIE BT BOEE “i#s” 18
Bro XA B — R IEALEEES], ATIHTRACIZ B Te e BRI DA R R R . IXFIRES 1%
BEAEH T 7 LSTM MR R K I AE

FIEHLA]: LSTM KIS K& =] BT S IAE ], X8 T FE61E B R
B

BT JUER AT AR B SN CIZ IR .

=

BST: RERD BE” iCZ8onh ORI A5 2, I SR VAR AT IR “TEER” oK
B

] UL BT R A AR AT R R R
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NI b [
' M\ Cell state
Ce1 / @ \] - C,
—>( X
fr I Ct 0,
{ o J o ] tanh}
h,, \l—t —» h
_ v £
Xf
4.2.1 #EM]

PUERET R L2 BT CAAB R P 2R B, I SR VAT I PR “IRRR” ERME R B
TP EMRLEE RMACIZ e BBk . fE—DINFEE, LSTM 2 BB i A LA b — i ()25 ) B
W&, Wi sigmoid REm M —A 0 B 1 MIME, XNEBERILG. fHEBEE 1 ZoRizE R
RS, NAZPORE  BEGE 0 RIS BT DR .

fe=0W;g-[hy_q, 2] + by)

Horb - f, NBUSTTRRI - W, b NBETIRE. WE - by, A E—IZIRERGECRE - 2, 92400
I ZIRHA - (%): sigmoid WuF %, M Tl 0-1 ZIEMBERE, REREZDMER

R f, ROy 0, MIFRRBEE XREL
R f, AEUN 1, MEREafkEE L EE

4.2.2 Al

JOER AT IS B S NCIZRIT R . B HRGE T T A AR DAL B I TR R BRI S
(AR HICTZ) AP s B f 2R mEie 2 oo .
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iy =o(W; - [hy_y,2,] + ;)

~

C, = tanh(We - [hy_y, 7] + be)

ot - q, HEATTRORE (0-1 Z IR, JoE AnimANE B EEY - C, (Fi%idIz ek,
M tanh 30, SEHBUEN (-11) - HRANSH

i, BT B3 AR
G, RN

4.2.3 ZHRREEH

Ct:ft’ct—l'i‘it’ét

EmRIE RS R ¢, B3t £, G, RRERE SIS R E (BEIOIZ )
Cyi, MEHRJR, i BEHINA S A5 B BT 0

4.2.4 HHM

OEACTZ BT AP S JEAE 2 H I ()25 B o B TR AE T I 8] 25 RS2 B TR ZS AR e 2 2]
B BRI o B, BRI T L2 B TT 1 PN A I TA) 2 1 4 A L.

o, =W, [hy_1,7,] +0,)

o
o o, il LSTM i B &
o hy ABECRES ARG

4.2.5 REBUREER

h, = o, - tanh(C})
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= T=2 EHiEE T T=3 T=4
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import torch

import torch.nn as nn

import torch.optim as optim

import numpy as np

import matplotlib.pyplot as plt
# KA BRI 7S

X

y

= np.linspace(0, 120, 2500)

= np.sin(x) + 0.5*np.sin(3*x) + 0.2*np.cos(5*x)

# B
seq_len = 30 # WMAKE
pred_len = 10 # TUMKE

X

, Y=10, [

for i in range(len(y) - seq_len - pred_len):

X.append(y[i:i+seq_len])
Y.append(y[i+seq_len:i+seq_len+pred_len])

np.array (X)

np.array(Y)

# MK tensor

X_tensor

torch.tensor(X, dtype=torch.float32).unsqueeze(-1) # [N, seq_len, 1]

Y_tensor = torch.tensor(Y, dtype=torch.float32) # [N, pred_len]

class MultiStepLSTM(nn.Module):

def __init__(self, input_size=1, hidden_size=64, num_layers=2,
woutput_size=10):
super (MultiStepLSTM, self).__init__Q)
self . hidden_size = hidden_size

self .num_layers = num_layers

self.lstm = nn.LSTM(input_size, hidden_size, num_layers,

~batch_first=True, dropout=0.2)
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self.fc = nn.Linear (hidden_size, output_size)

def forward(self, x):

hO = torch.zeros(self.num_layers, x.size(0), self.hidden_size)
cO0 = torch.zeros(self .num_layers, x.size(0), self.hidden_size)
out, _ = self.lstm(x, (hO, c0))

out = self.fc(outl[:, -1, :1) # Bl &G F6H H

return out

model = MultiStepLSTM(output_size=pred_len)
nn.MSELoss ()

criterion

optimizer = optim.Adam(model.parameters(), 1lr=0.005)

num_epochs = 100

for epoch in range(num_epochs):
model .train()
output = model (X_tensor)

loss = criterion(output, Y_tensor)

optimizer.zero_grad()
loss.backward()

optimizer.step()

if (epoch+1) 7 10 ==
print (f"Epoch [{epoch+1}/{num_epochs}], Loss: {loss.item():.6f}")

model.eval()
with torch.no_grad():
pred = model(X_tensor) .numpy ()

# T E 100 BTG R
idx = 100

true_seq = np.concatenate((X_tensor[idx,:,0] .numpy(), Y[idx]))
pred_seq = np.concatenate((X_tensor[idx,:,0] .numpy(), pred[idx]))

43
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plt.figure(figsize=(10,5))

plt.plot(true_seq, label='True Sequence', color='black')
plt.plot(pred_seq, label='Predicted Sequence', color='orange', linestyle='--"')
plt.axvline(x=seq_len, color='gray', linestyle=':")
plt.legend ()

plt.title("LSTM Multi-Step Prediction (30 =+ 10)")
plt.show()

Epoch [10/100], Loss: 0.303230

Epoch [20/100], Loss: 0.125958

Epoch [30/100], Loss: 0.066328

Epoch [40/100], Loss: 0.027445

Epoch [50/100], Loss: 0.011491

Epoch [60/100], Loss: 0.007930

Epoch [70/100], Loss: 0.005459

Epoch [80/100], Loss: 0.004167

Epoch [90/100], Loss: 0.003386

Epoch [100/100], Loss: 0.002768

LSTM Multi-Step Prediction (30 - 10)

0.75 1 — True Sequence
Predicted Sequence
0.50 -
0.25 A
0.00 -
—0.25 | /
—0.50 -
—0.75 N /
-1.00 - \'~;~ /

—1.25 4

44
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4.3 GRU

https://blog.csdn.net/weixin_ 43114209 /article/details /143735818
https://zhuanlan.zhihu.com/p/1903398877375210503

GRU (Gated Recurrent Unit, [J#EIEAHEIC) & FIEAMHZE ML (Recurrent Neural Network,
RNN) A5k, BIEAHFIIEPE. GRU £ LSTM (Long Short-Term Memory, K&H#ic1ZM4%)
PEEAE BT 7L, SIN T A SEE S K E T . GRU @ LA 2o o 7 1%
2t RNN AE7E [0 FE W SR AR BEARIE 0 R, JCHIE & A BRI AR 1 308 . GRU B9tk B =2
FELRFFTH R RCR RN, WA EERIPERE, &H T Z R A5 .

GRU ®JLAHEE R LSTM Mt 8 1T HENLE R g IREE ], AT EHE BN
), HAK T LSTM B2 870, ML LSTM, GRU 4 H /1S5, FIikiH SR ¥ e,
AR — ST 45 ] LIRS A I L & S 4 I RUR

) 4 N
RaRAS
e -@—0O——n
| ®
@)‘] BR[| B
R, z, 1RIERSIRTS
a a tanh - - -|- - o~
7 ] B
(L S/
kf” ,/

WA X,

R R BT EEEG | gt
o i O TR _L T 3

GRU MgOAM: EFHIINEERT]

4.3.1 FEH]

SEHT T TR I PR 2 i I 1A) 20 B BE R IR A5 75 AR B 22 D B — M AP E B . SR T e

T 0 M 1 20, (Al RFOR R £E Rk E, EHCNI SR B2 RO T A AT S R
Zt = U<Xthz + Ht—lwhz + bz)

H#H4# HE]
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HEPGE T AT P R REEURASAE 2 R g 2es . BB THM T 0 i, P2 e T
Rl BT IR R, SURET S ET RN TS R 1, AT RDE R SR 2
HuOR B

R, = o(X;W,, + H_ W), +b,.)

4.3.2 RIFAEEIE

RIS H, GRU SGHEEE LR PR AT(E E AR

1. WHEEHITNEER:

R B A RS B HEHIT Z, MEE] R,

30 [T PR R ) BROAR, 5 £ 5B 7 S A L P AR B R

2. HHEBERBRE:

GRU {8 FH 5 B [ 14300 S AT BRSO IR ARE R, 51 3 B IR S o
(I BRSO3 A R

~

H, = tanh(X, - W, + (R, - H,_y) - Wy, + by,)
Hrb, (R, - Hy_y) RoaBai— 22 RIS H,, SEE] R, 4&UEHIHLEmERE, W
A b o2 2 P A i B
3. BEFRBRE:
B —BRAMAERT] Z, Kt B AR RERES H,:
H,=Z7,-H, ,+(1—2)-H,

Hrf, Z, H, | #rREEOGEER, (1-2,) - H, #RFHER. X —ARRE T 4RTFEEUR S
BEfRE 7 bR RS, AN T T AT A REE S

GRU (Gated Recurrent

I H LSTM (Long Short-Term Memory) Unit)

GHERE BER GAT] + 1 47mikE B (2 ANTD

FE TS BT (Input Gate) &[] (Forget Gate) i ] (Update Gate)
il (Output Gate) BI] (Reset Gate)

FERRR S NEEECIRES (ht) SAMDIRE (c_t) SERCIRE (h_t)
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GRU (Gated Recurrent

T H LSTM (Long Short-Term Memory) Unit)

REEMLEfZE T

JG (cell state)

S E 8% (418 GRU 1 1.5 %) B, IR TR

THERBER Big, SHANFRZ B, G/ SR BN
%

KEBHEIREE ) 9, EA KT Y W& 55, H 28 N R 8

BEREEVE R 168 ARG WLz fE, A58 T LSTM

MR SHTHES, wiEHiRg. PLEfeE. K BEHES, ihEEiE4SR

AR A Sl B 1] P 1 T 5

R REA RUOR B KOS B, PhRERSE it . 8D
CAN

BRR ki, AR, WSS KILRE W T LSTM (JC
HR KA

[12]: import torch
import torch.nn as nn
import torch.optim as optim
import numpy as np

import matplotlib.pyplot as plt

# RIS AR
X = np.linspace(0, 100, 2000)

y = np.sin(x) + 0.5*np.sin(3*x) + 0.2*np.cos(5*x)

# BEH

seq_len = 30 # WAKE

pred_len = 10 # FUMKE

X, Y=1[, [

for i in range(len(y) - seq_len - pred_len):
X.append(y[i:i+seq_len])
Y.append(y[i+seq_len:i+seq_len+pred_len])

X = np.array(X)
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Y = np.array(Y)

# ¥ K Tensor

X_tensor

Y _tensor

= torch.tensor(X, dtype=torch.float32).unsqueeze(-1) # [N, seq_len, 1]
= torch.tensor(Y, dtype=torch.float32) # [N, pred_len]

# T X GRU #A
class SimpleGRU(nn.Module):

def

__init__(self, input_size=1, hidden_size=64, num_layers=2,

soutput_size=10):

super (SimpleGRU, self).__init__()
self . hidden_size = hidden_size

self .num_layers = num_layers

# GRU 2

self.gru = nn.GRU(input_size, hidden_size, num_layers,,

~batch_first=True, dropout=0.2)

def

# Wt E

self.fc = nn.Linear(hidden_size, output_size)

forward(self, x):
# A AR BRAS

hO = torch.zeros(self.num_layers, x.size(0), self.hidden_size)

out, _ = self.gru(x, hO)
out = self.fc(outl[:, -1, :1) # BEEH[EFHE

return out

# MRS MABHKRE R MAE

model =

SimpleGRU(output_size=pred_len)

criterion = nn.MSELoss()

optimizer = optim.Adam(model.parameters(), 1lr=0.005)

# )%

num_epochs = 100

for epoch in range(num_epochs):
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model.train()
output = model (X_tensor)

loss = criterion(output, Y_tensor)

optimizer.zero_grad()
loss.backward ()

optimizer.step()

if (epoch+1) % 10 == O:
print (f"Epoch [{epoch+1}/{num_epochs}], Loss: {loss.item():.6£f}")

# T
model.eval()

with torch.no_grad():

pred = model(X_tensor) .numpy ()

# A ALK B

idx

= 100

true_seq = np.concatenate((X_tensor[idx,:,0] .numpy(), Y[idx]))

pred_seq = np.concatenate((X_tensor[idx,:,0] .numpy(), pred[idx]))

plt.figure(figsize=(10,5))

plt.plot(true_seq, label='True Sequence', color='black')
plt.plot(pred_seq, label='Predicted Sequence', color='orange', linestyle='--"')
plt.axvline(x=seq_len, color='gray', linestyle=':')
plt.legend()

plt.title("GRU Multi-Step Prediction (30 =+ 10)")
plt.show()

Epoch [10/100], Loss: 0.264187

Epoch [20/100], Loss: 0.143880

Epoch [30/100], Loss: 0.089620

Epoch [40/100], Loss: 0.047578

Epoch [50/100], Loss: 0.018094

Epoch [60/100], Loss: 0.010896

Epoch [70/100], Loss: 0.007737

Epoch [80/100], Loss: 0.005138

49
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Epoch [90/100], Loss: 0.003838
Epoch [100/100], Loss: 0.003132

GRU Multi-Step Prediction (30 - 10)

50

L0 — rue sequence
Predicted Sequence : /—“
0.5 | #
0.0
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/
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—054 T /
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-1.0 1 /
T T T T T T T T T
0 5 10 15 20 25 30 35 40

5 F. HEEIVHS Transformer

https://zhuanlan.zhihu.com/p/338817680
https://zhuanlan.zhihu.com/p/607423406
E= WAL IR D5 NS P = WA R - SO & o
Transformer Zfil &% 4544

Transformer SZH{

BERT
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