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M-PA¥ 4 71 (19434 )

19435, % & &.(Warren mcCulloch)#= 5 3% (Walter Pitts)
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R %a HL(Perceptron)(1957-F)
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R4 3 % (1970-1980-F 4X)
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BP (BackPropagation: ik % 1% 1% 4& 5 %)
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BP (BackPropagation: ik % 1% 1% 4& 5 %)
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MEM T % E AUAR BT 15 e AT %
(batch gradient descent) (stochastic gradient (mint-batch gradient
s descent descent
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— T A SGD. SGD with Momentum. Adagrad (Adaptive Gradient Algorithm).

RMSprop (Root Mean Square Propagation). Adam (Adaptive Moment Estimation), etc

An overview of gradient descent optimization algorithms. https://arxiv.org/pdf/1609.04747
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#4138 . EpochA=lIteration

* Epoch: #k, BEANZGEMZED 44—
o Iteration: =R T, —RAEHK F I

for epoch in range(num_epochs): # epoch &
for 1, (x_batch, y_batch) in enumerate(train_loader): # iteration &
y_pred = model(x_batch)
loss = criterion(y_pred, y_batch)
loss.backward()
optimizer.step()
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« 2006, Hinton /& Science & % 3. {Reducing the dimensionality of data with neural
networks) , #HKXEZ LMWL (Deep Belief Networks, DBNs)
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JE b 4L (Non-Convex Optimization)

WEMLET RGN AR LHRMLMB, BE
(saddle point) 7] &




JE v £ (Non-Convex Optimization)

FAERMSERERGEAZ—: KRt B, A L2AKXRLEXALF?

E A &9 32 A% -

o FHAEMN: THAHMNIEF D IR A A AA AL K ILADR 891KAR K, A S
RA=ZE “RM-FIEAE”

o EBIFHEHIEML: ERA, RSN ZER LY, KI5 AL
AN AR 2N S =

o MFP & SGDAFEALPE, 424V UABKH $2 5



Some Tricks for optimization
3 5] F 64 %ot

Too low Just right Too high
o)) | ey O r— ]
| ’u' | / |'
f | f | /
<_
0 0 6
A small learning rate The opt_imal learning Too large of a learning rate
rate swiftly reaches the causes drastic updates
minimum point which lead to divergent
behaviors

requires many updates
before reaching the
minimum point



Some Tricks for optimization

5 3] &% 7 (learning rate decay)

L(w) 1

d




Some Tricks for optimization

% 3] £ % & (learning rate decay)

StepLR

0.0010
0.0008 -

0.0006 -

Learning Rate

0.0004 -

0.0002 -

0.0000

Steps



Some Tricks for optimization

5 3] &% 7 (learning rate decay)

ExponentialLR

0.0010 ¢
0.0008
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Learning Rate

0.0004 -

0.0002

0.0000
0
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Some Tricks for optimization

5 3] &% 7 (learning rate decay)

CosineAnnealingLR

\ 4

0.0010

T_max

0.0008

0.0006 -

Learning Rate

0.0004 -

0.0002 +

0.0000
0
Steps



Some Tricks for optimization

import torch
import torch.nn as nn
import torch.optim as optim

# Bl— 1 EeER
model = nn.Linear(10, 2)
optimizer = optim.SGD(model.parameters(), 1lr=0.1)

# SteplLR: SR step_size " epoch, BEIZHFELL gamma
scheduler = optim.lr_scheduler.StepLR(optimizer, step_size=10, gamma=0.1)

num_epochs = 30

for epoch in range(num_epochs):
# RIgSRIIF&KITE
optimizer.zero_grad()
output = model(torch.randn(8, 10))
loss = output.mean()
loss.backward()
optimizer.step()

# BFIER (B epoch FiAE—IR)
scheduler.step()

# FTENHAIFEIXR
lr = optimizer.param_groups[@]['1lr']
print(f"Epoch [{epoch+1}/{num_epochs}] - Learning Rate: {lr:.5f}")
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2% A 508 & 89 Tricks

gﬁ- ﬁ 5& ‘I‘% lﬁ, &ki 4 sigmoid(z)

v

N e e 1.0
e — €
tanh(x) = ———
eX + e—x
0.5
L 0 _1__—___-____,,/’//////
ReLU(x) = l
0 z<0 -1.0 -0.5
= max(0,%):
x ifx>0
LeakyReLU(x) =
yr if x <0

= max(0,z) + vy min(0, z)

ifx>0
ELU(z) =
{’V(GXP(:U) —1) ifz<0

= max(0, x) + min(0, y(exp(z) — 1))

softplus(x) = log(1 + exp(x))

ST KFREH. FHRAEAEZKX

0 05 107

— ReLU
Leaky ReLU
- - ELU

.......... softplus

Tanh

-1.00 1

4 4

-100 -75 -50 -25 00 25 5.0 75 100




22 fRHH 2R % 89 Tricks

X £ &R
o BXALE—NEREREF, KAMIAZL f(x,0) Fi&U B ARHH A h(x)
o FFRARBH RIS R AIS (8 F B AR Z ok

X
hx) = x_ + (h(x) - x) welght laver
EETE S F(x) yrelu
p'e
l weight layer identity




22 WEHH B R & 89 Tricks

Batch Normalization
B R RGP, AR AR L, LSRR AHE 0. FE | Wit
B 0 N\ A& — A batch 9 #% A B, #F Kx A& X batch ¥ 495 K, y A= f A2 7T 52 3] 53

X —UB

Jog + €

BN(x) =y

+p

SHT: B BN BE R R A pe e X

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. https://arxiv.org/abs/1502.03167
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2% R4 BB JE 69 Tricks

* ¥ K. 3 ¥ (Gradient Clipping): k%45 Z 695418, 4o FA2T FE L
TG BIAE, wEEAT AT

¢ | |VE| |c|ipped
C

o S MM E ML T
* Batch Normalization
0 , , |IVL|

C
* M F iE 4L (L1/L2 Regularization)




I A 45 89 Tricks

o KK BB AO A A?
° STARPEIE AL

o —F BT ik
* Gaussian® #1454 BEM—ABE 2 3H1E (tbde0) B2 7 £ (tbde
0.01) #yGaussians 7 FE AT F LA 454
o [ nAmandsi: AT AL R B [—r, r] AR A 39 5 A AT s Ak



I A 45 89 Tricks

* Xavier #4540

o WIAKH0, FEH (——) HFHHH>A

Nin+Nout

* & BT VASigmoid. Tanh# # & & & A9MLP K %

* He #d&iL:
» HEA0, FEH () HEBEIIHH

o & ] T VAReluy B o Z A CNN K 24
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L Deep Learning Tuning Playbook
c M%EK
This is not an officially supported Google product.

S N - J Varun Godbole', George E. Dahl’, Justin Gilmer', Christopher J. Shallue*, Zachary Nado"
Y /%: 2 /J 71=>/E . ' ' '
A /=7 22 700 /]\ %

t Google Research, Brain Team

* Harvard University

o HMERK
* AKX
* Mini-batch X />

Table of Contents

https://github.com/schrodingercatss/tuning_playbook zh c¢n
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AY 2% W 288 A 4% % (Neural Architecture Search, NAS)

B FRAFHACE R, defibLig &, Nebirtiie, SgHE %,
AL F S E S NI AR TR P A AR A

architecture
Ac A
Search Space N L PE?r}fprm?.nce
Search Strategy stimation
A S~ Strategy
performance

estimate of A

Neural Architecture Search: A Survey. https://arxiv.org/pdf/1808.05377
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Some Tricks

% 3% 3 5% (data augmentation)

Rotation
Insertion
Original I am penguin dancing in the club.
image Deletion

I dancing in the club.

Original
8 Synonym
Exposure Contrast Grayscale
I am dancing in the club. —p» Iam waltzing in the club.
Inversion

In the club I am dancing.

Tense

I am danced in the club.

Augmented images



Some Tricks

F1%(Early Stopping)

S
val_loss (float): ZEiepochi9iQiEinsk
model (torch.nn.Module): 1FHREFHEE

%Eﬁiﬁ%iﬁi _['_{'l- Hﬂ‘.\i&% if self.best_loss - val_loss > self.min_delta:
H% S RANEH TR, el counter 6

ﬁﬁﬁ‘g}\(‘ﬂ-—i}]l % torch.save(model.state_dict(), self.save_path)
\

print(f"Validation loss decreased ({self.best_loss:.6f%). Saving model
else:

self.counter += 1
print(f"EarlyStopping counter: $self.counter? out of {self.patience3")

if self.counter >= self.patience:
print("Early stopping triggered.")
self.early_stop = True




Some Tricks

% F i< (Dropout)

BN — /AN EAP RIS, RAVT ARAIEF —3 o2 AR AT o 653

e " gl self.layers = nn.Sequential(
J '\‘-- /
nn.Linear (input_size, hidden_sizel),
nn.ReLU(),
P 7 s N nn.Dropout (p=dropout_p),
'\_ _/I \ l\ ;
A
.Linear(hidden_sizel, hidden_size2),
AL 2L .ReLU(),
L) k“/) .Dropout (p=dropout_p),
| ]
" A £\ At

A A A () .Linear(hidden_size2, output_size)




Some Tricks

A E X M (weight decay) / L2E 4L

A 2
Lyeg = L+§|IWI|

import torch.optim as optim

optimizer = optim.Adam(model.parameters(),
lr=0.001,
weight_decay=1e-5)
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4 A A ks (Ascend)

FE R 42 (Cambricon)

. Atlas 900 AlfE#T Atlas 800 AlBR55 &8
Bt i1 #4+34 (BIREN) |
J# % 242 (Moore Threads) o R R T R

THRERLEBTI7T0OHEINRE

g & ax (MetaX)
#% J7 #1431 (Enflame)

MLU370-X4tR£ ———
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0.97

Neural Network

S Image

p{ 196,608 0.01

0 0 OE
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%+ 4 3 5 (adversarial attack)

Adversarial Top-3 captions:
1. A brown teddy bear laying
on top of a bed.

Original Top-3 inferred captions:
1. Ared stop sign sitting on the
side of a road.

2. A stop sign on the corner of a 2. Abrown teddy bear
street. sitting on top of a bed.
3. Ared stop sign sitting on the 3. Alarge brown teddy bear

side of a street. laying on top of a bed.

FEFIIRBIEES, Bk E



Other Tricks
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* Softmax: P; = ——

Wi
\

8
ZORP
®
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* K (cross-entropy)
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FI) A CRREPANET 5T

(IEEE & B 3t1% Facebook A L% 8¢ fi # A Yann LeCun)

Yann LeCun

CNN#y £ & A
RS “ZRLE” z—
209K REFE

IEEE Spectrum: X2 X&KMAR T HZ AT EREF
BIFTE ...

Yann LeCun: R ®Z A~k 69354£2 [ w1 K m—4 T
], BRERAMNZIHEHGREAAL, RRFEEFE]
Ao AT R AT R R, 1B 5 K mag R T
Ve 27 EwAEw E K. e 5 Am#tir Lk
T T — AP ek IR, XARER LG,



R E AN 2 R 2

VA fi?f‘? 22 M 24 7F\ A "# "5‘@5{1 R%‘E? £ #‘J 74, ImageNet =4
2012: 8 2
\,\. 2015: 152 &
23 2016: 1207 &

RIS
A 7<) ’.\\?\
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deep

AT 2NN
AN O
NS e\;\’ P

72\
Q_Q
AR O

—7

"7

L5 <]
.
L=

, inputfromthe 5 neuron

> j-th neuron j‘*’ éé. F&} ?%9‘: })ﬁ J:-fE,E 277 Ei lZ{—/
R BT R B R AR A

w1

TABLE B T — & A Ay Z AL

' . connection }flﬁ “ }‘:j! ﬁ ” ’f.‘?-li /Sﬂiil— “ i ;}Ei % 7
"I:'TL l‘\__.) Weight of “\ ’
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