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VAN DE VANISHING GRADIENT VA CACPHUGNG PHAP
XU LY KHI LAN TRUYEN NGUGC
TRONG HUAN LUYEN MO HINH HOC SAU

THE PROBLEM OF VANISHING GRADIENTS AND COUNTERPROPAGATION METHODS

IN DEEP LEARNING MODEL TRAINING
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TOM TAT

Trong hoc séu ¢6 gidm sét, gradient la thong tin quan trong dé cap nht cac
trong so (weights) trong qua trinh hudn luyén. Néu gradient qua nhé hodc béng
0, trong 56 s& gan nhu khong thay ddi, khién mé hinh khong thé hoc hi tir dit liéu.
Bai bao dua ra cac bién phap khdc phuc van dé suy giam dao ham (vanishing
gradient) trong mang noron Multi Layer Perceptrons (MLP) khi thuc hién huan
luyén md hinh qua sau (cd nhiéu hidden layer). (6 sau phuang phap khac nhau
téc dong vao model, chién thudt train,... d€ gitp giam thiéu vanishing gradients
dugc gidi thiéu trong bai viét trén bg dir liéu FashionMNIST. Ngoai ra, ching toi
cling gidi thiéu va xdy dung ham MyNormalization(), mot ham tuy chinh tuong tu
nhu BatchNorm cda Pytorch. Muc dich ca ham nay la kiém soét phuong sai va
gidm bién dong cla dac trung qua cac I6p. Muc tiéu cudi cting la t6i uu hoa md
hinh MLP sau d@€ nd c6 thé hoc hiéu qua tir di liéu ma khdng bi anh huéng béi van
dé vanishing gradient.

Tir khéa: Mang noron, MLP, vanishing gradients.

ABSTRACT

In supervised deep learning, gradients are information to update weights
during training, if the gradient is too small or zero, the weights are almost
unchanged, leading to the model not learning anything from the data. The article
providing solutions to the problem of vanishing gradients in Multi Layer Perceptrons
(MLP) neural networks when performing train models that are too deep (with many
hidden layers). There are six different methods that affect the model, train tactics,
etc. to help minimize vanishing gradients featured in the article on the
FashionMNIST dataset. In addition, we also introduced and built the
MyNormalization() function, a custom function similar to Pytorch's BatchNorm. The
purpose of this function is to control variance and reduce the volatility of
characteristics across layers. The ultimate goal is to optimize the deep MLP model so
that it can learn efficiently from data without being affected by the gradient
vanishing problem.
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Pham Ngoc Giau'’, Téng Lé Thanh Hai'

1. GIGI THIEU

DPétang kha nang hoc tirtap ditliéu I16n va phc tap, hodc
trich xuat dac trung phuc tap hon, viéc tang cudng kha nang
ctia mé hinh bang cach thém nhiéu I6p (layers) la can thiét,
tur d6 tao ra mé hinh sau hon. Tuy nhién, c6 mét van dé xay
ra khi huan luyén mé hinh qua sau lam dao ham bi giam di
rat nhanh qua tung layer & giai doan lan truyén ngugc [9]
(backpropagation). Diéu nay, dan dén it hoac khéng cé tac
doéng vao trong s6 (weight) sau mdi lan cap nhat trong sé va
lam cho moé hinh dudng nhu khéng hoc dugc. Van dé nay
dugc goi la vanishing gradients [6, 10].

Dé gidi quyét van dé nay, cac chién lugc nhu diéu chinh
gia tri khéi tao trong sé va stit dung ham kich hoat phu hop
dugc dé xuat dé cai thién hiéu suat cia mé hinh, déc biét khi
doi mat vai di liéu I6n va phuc tap. Xavier Glorot, Antoine
Bordes va Yoshua Bengio da dé xuat mot giai phap hiéu qua
dé gidm van dé Vanishing Gradients vao nam 2015 [11].
Phuang phap nay dugc goi la "Xavier/Glorot initialization"
hodc "Glorot initialization". Y tudng co ban 13 khéi tao trong
s6 clla mang na-ron sao cho gilia cac I6p c6 dé 16n phu hop,
gidm thi€u nguy ca tiém can gia tri 0 hodc 1 trong qua trinh
lan truyén ngugc. Cu thé, cac trong s6 dugc khéi tao ngau
nhién t&r mét phan phéi Gaussian vai trung binh 0 va
phuang sai dugc tinh toan sao cho téng phucng sai ctia dau
ra va dau vao ctia méi l6p la bang nhau. Diéu nay giup tranh
tinh trang khi gradient truyén ngugc qua nhé hodc qua I6n
qua cac I6p, t6i uu hda hiéu suat ctia mé hinh va giam van
dé Vanishing Gradients.

Bén canh d6, Batch Normalization (BN), dé xuat bai
Sergey loffe va Christian Szegedy [12], la mét ky thuat quan
trong giup gidm van dé Vanishing Gradients trong mang no-
ron sau. BN chudn héa dau vao ctia méi I6p bang cach diéu
chinh va chuén héa batch, gitp kiém soat phuong sai va
gidm bién dong cta dic trung qua cac |6p. Diéu nay 6n dinh
qua trinh hudn luyén, giam nguy co gradient tré nén qua
nho hodc qua 1én, va cho phép s dung téc dd hoc cao hon,
tang téc dé huan luyén va cai thién hiéu suat moé hinh.
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Trong bai bao nay, nhém tac gia sé trinh bay sau cach giam
thiéu van dé vanishing gradients: Weight increasing, Better
activation, Better optimizer, Normalize inside network, Skip
connection, Train some layers. Bén canh d6, bai bao cling gidi
thiéu va xay dung mét ham MyNormalization() d€ gitp kiém
soat phuong sai va giam bién déng clia dac trung qua cac lép
tuong tu nhu BatchNorm (mot framework dugc xay dung sén
clia PyTorch).

2. PHUONG PHAP
2.1.Datvan dé

Vé ly thuyét khi ta xdy dung md hinh cang sdu (nhiéu
hidden layer) thi khd nang hoc va biéu dién dir liéu cta
model sé t6t hon so véi cac md hinh (model) it layer hon,
nhung trong thuc té€ doi khi két qua thi nguoc lai [8]. Vi dy,
ta sé huan luyén (train) tap Fashion MNIST v&i 3 model giéng
nhau hoan toan chi khac nhau vé sé lugng hidden layers (s6
lugng layer tang dan) va quan sat két qua ctia cac model sau
train dugc danh gia trén tap kiém thir (test set):

Model 1: Weights dugc khai tao ngau nhién (random)
theo normal distribution (u = 0, o = 0,05), Loss = Cross
entropy, Optimizer = SGD, Hidden layers = 3, s6 node moi
layer = 128, Activation = Sigmoid.

Model 1:

Weight Initialization: u=0, 6=0.05
Hidden Layers: 3 layers
Activation: sigmoid

Nodes: 128

Loss: CE

Optiomizer: sgd

© 1rmodeln

MLP(
(layerl):
(layer2):
(layer3):
(output):

)

Linear(in_features=784, out features=128, bias=True)
Linear(in_features=128, out features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=10, bias=True)
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Hinh 1. Model 1

Model 2: Weights dugc khéi tao random theo phan phéi
chudn (normal distribution) (u = 0, 0 = 0,05), Loss = Cross
entropy, Optimizer = SGD, Hidden layers = 5, s6 node moi
layer = 128, Activation = Sigmoid.

Model 2:

Weight Initialization: p=0, 0=0.05
Hidden Layers: 5 layers
Activation: sigmoid

Nodes: 128

Loss: CE

Optiomizer: sgd
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[»]] 1 model2

MLP(
(layer1):
(layer2):
(layer3):
(layera):
(layers):
(output):

Linear(in_features=784, out features=128, bias=True)
Linear(in_features=128, out features=128, bias=True)
Linear(in_features=128, out features=128, bias=True)
Linear(in_features=128, out features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=18, bias=True)

INPUT LAYER

HIDDEN LAYER | (

OUTPUT LAYER

Hinh 2. Model 2

Model 3: Weights dugc khéi tao random theo normal
distribution (u =0, o = 0,05), Loss = Cross entropy, Optimizer
=SGD, Hidden layers = 7, s6 node mai layer = 128, Activation
= Sigmoid.

Model 3:
Weight Initialization: u=0, 0=0.05
Hidden Layers: 7 layers
Activation: sigmoid
Nodes: 128
Loss: CE
Optiomizer: sgd
[ > ] 1 model3

MLP(
(layer1):
(layer2):
(layer3):
(layera):
(layers):
(layere6):
(layer7):
(output):

Linear(in_features=784, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=128, bias=True)
Linear(in_features=128, out_features=10, bias=True)

INPUT LAYER

HiDDEN LaveR |
\

OUTPUT LAYER

Hinh 3. Model 3
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2.2. Phuong phap

Muc tiéu cla bai viét la
st dung cac phuong phap
gidam  thiéu van dé
vanishing va giup model
hoc tét hon. Ching t6i tinh
chinh va thay d6i tham s6
hodc dua ra chién thuat
training hgp ly dé€ vugt qua
dugc van dé nay [1-5].

Cu thé trong bai nao
nay, nhém tic gid gidi
thiéu 6 phuang phap dé
gidm  thiéu vanishing
nhu sau:

2.2.1.
Increasing

Péi véi Model 3 viéc
khai tao weights hién tai véi
mean = 0 va standard
deviation (std) = 0,05 thi std
chua phu hgp va qua nhé.
Diéu nay lam cho weights
khai tao rat nho (khéng du
I6n) va dan dén van dé
vanishing. Do d6, dé giam

Weight

NIODEL 3% 2.305 ;: 0.098 r
23041 | ok

2303

e o b e e e e bt

LALLh Th

““ thi€u vanishing ta can tang

std (tuong duong tang
variance) trong mét muc do
phu hgp. Hinh 5 minh hoa 3
trudng hop std = 0,05,

150 200 250 00 o

teration
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Hinh 4. So sdnh gid tri loss va accuracy clia model 1, model 2 va model 3

Qua quan sat két qua gia tri mat mat (loss) va do chinh
xac (accuracy) trén tap huan luyén (train set) va tap danh
gia (val set) tir hinh 4, ta thay dugc doi véi Model 1 chi véi
3 hidden layers qua trinh hoc da hoi tu sau 300 epochs
(train) loss giam tu trén 2,3 dén tam 0,7 va train accuracy
tiém can 0,7. Tuy nhién, khi ta ting lén dén 5 hidden
layers cho Model 2, lic nay loss cia model giam cuc ky it
(hau nhu la khéng hoc dugc) tur 2,307 dén khoang 2,303
(chi giam 0,04) sau 300 epochs. Tuong tu, khi Model 3 cé
s6 lugng hidden layers la 7, thi luc nay performance cla
model con té hon Model 2 khi train accuracy cia Model 2
la dao déng quanh 0,1 tuong tu nhu Model 3. TU d6, cé
thé nhan thay khong giéng nhu ly thuyét, model cang sau
capacity cla model cang 16n c6 thé hoc dugc nhiéu data
phtc tap hon nhung khi tang lugng layer 1én thi hiéu
nang (performance) rat té va dudng nhu model da khéng
hoc dugc du model sadu hon. Day la ddu hiéu cla
vanishing.

Trong bai bdo nay, nhém tac gid nghién ctu tim bién
phép khac phuc Vanishing problem khi s&t dung tap data
Fashion MNIST trén Model 3.
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Hinh 5. Normal distrimution khi std = 0,05, std = 1 va std = 10

2.2.2. Better Activation

Mot trong nhiing nguyén nhan dan dén van dé
vanishing la do st dung ham kich hoat Sigmoid (sigmoid
activation function) & cac hidden layers. Do d6, ching t6i cé
thé thay déi activation khac, cai ma derivative clia né tét han
so v@i sigmoid vi du Tanh function hodc ReLu function. Nhu
hinh 6, c6 thé quan sat duoc gia tri dao ham t8i da cua
sigmoid la 0,25 khi x = 0, trong khi Tanh Ia 1,0 v&i x = 0 va
ReLU la 1,0 khi x > 0. Vi vay, gradient clia cac hidden layer
dau nhan dugc sé 16n hon so véi Sigmoid (tiém can 0 khi
model cang deep) vi du hinh 7.
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— somoa 10 — 2.2.4. Normalize Inside Network
0s La mot ky thuat chudn hoa (normalize) dé nén dau vao
os (scale input) theo mét tiéu chi nhat dinh gitp cho viéc téi uu
o : (optimize) dé dang hon bang cach lam min bé mat gia tri
mat mat (loss surface) clla mang (network), va cé thé thé
hién nhu mot layer trong network nén dugc goi la
e e Normalization layers [8]. Trong bai bdo nay, nhém tac gia
— dsomad =m0 gi6i thiéu gidi phap vé van dé vanishing dua trén ky thuat
e ol nay dugc goi la Batch Normalization, ngoai ra bai viét cling
123 giGi thiéu va xay dung mét custom layer dé thuc hién
. normalize cGa bai vi€t nay. Batch normalization sé
030 normalize x dé dadm bao rang x sé ludn trong vung cé dao
s ham t6t (hinh 9 ving mau d6 nhat), do d6 mét phan gitp
R ot RO Shs cio s cnem 10 s 20 cho viéc gidm thiéu dugc van dé vanishing.
Hinh 6. Cac activation thong dung va dao ham clia activation b,
D0 b b
DR B g [N ' | if
Wil w2 il wiLl " O .3 : — 3
e at = g(z'") —

if g(+) 1a ReLu function o (x)

a
will =yl = .
ow

JOL oL gdlbl gall) a0z adlll | 321 Input: Values of z over a mini-batch: B = {1}, J;
Wt ™ 9alt1™ 921017 galL=11"** ™ 92121 7 gal1l ™ 02111 ™ gwlT] Parameters to be leamed: 4, f = slgrmoid =
) == (erivative
Oord oort Hed Output: {y; = BN, s(xi)} "
Hinh 7. St dung ReLU gitip gidm thiéu dugc van dé gradient vanishing - mL"“ iti-btch e .
2.2.3. Better Optimizer il
Hién nay, dang st dung stochastic gradient descent o+~ Y (ai-p) //minibatch variance 0
(SGD) va learning rate [4] Ia mét hdang s6 ¢6 dinh sau m6i lan . _‘W
train. Bai viét nay sé st dung cac thuat toan téi uu (optimizer) B+ firee [wormalize \
khac cy thé la Adam optimizer dé tht nghiém gidm thiéu JrEABEBN sa)  fsedemdshib e ——
van dé cua vanishing. Adam (Adaptive Moment Estimation)

la thuat toan tuong tu nhu SGD dung cho viéc update

weights cia model dua trén training data. Learning rate s& Hinh 9. S& dung BatchNorm layer gidp giam thiéu dugc van dé gradient

dugc coi nhu 1a mét tham s6 (khong con la mét hdang sé nhu vanishing

SGD) va méi learning rate khac nhau sé dugc ap dung cho 2.2.5. Skip Connection

mobi weight dua vao B1 (first moment cia gradient) va 2 Vi kién tric nhu cdc model truyén théng, nhung sé cé
(second moment cla gradiend). thém nhing path truyén théng tin khac. Thay vi chi c6 mét

Algorithm 1: Adam, our proposed algorithm for stochastic optimizalim}. Sce section 2 for details, dudng dan (path) di qua tung |ayer
and for a slightly more efficient (but less clear) order of computation. g7 indicates the elementwise A 3 2 H

square g; & g;. Good default settings for the tested machine learning problems are &« = 0.001, mQt, thi phucng phap Sklp
B1 = 0.9, B2 = 0.999 and ¢ = 10~ 5. All operations on vectors are element-wise. With 3! and 35  Connection sé c6 thém cac path bd

de te 31 and 52 to th rer t. . ~ ” N P
bl et A o ekt qua (skip) mot sé layer va connect véi

Require: «: Stepsize

Require: 3,,/3; € [0, 1): Exponential decay rates for the moment estimates |ayer 6] phia sau (hinh 10) (cu thé bai
Require: f(#): Stochastic objective function with parameters ¢ SNy e . .
Require: #o: Initial parameter vector viét sé sir dung residual connections).
mg < 0 (Initialize 1*' moment vector) 2 2 A 8 A 2
vp <— 0 (Initialize 2! moment vector) Phuong phaAp naX co the glup khac
t < 0 (Initialize timestep) phuc dugc van dé vanishing, do nho
e c6 residual connection path ma
g +— Vo fi(0; 1) (Get gradients w.r.t. stochastic objective at timestep %) gradient tU cac |ayer 6 gén Output
my < 31 - my_y + (1 — B31) - g¢ (Update biased first moment estimate) . I3 N " . 5
v < B2 - vi—1 + (1 — B2) - g2 (Update biased second raw moment estimate) Iayer c6 thé truyen dén cac Iayer (o}
iy < mg /(1 — 31) (Compute bias-corrected first moment estimate) Al b
Ty — v /(1 — .3E)I(Compule bias-corrected second raw moment estimate) gan 'InpUt Iayer t':ong Fruong hdp
6, « 0,_1 — o - iy /(v/Tr + €) (Update parameters) gradient khong thé truyén theo path
end while . N n
return ¢, (Resulting parameters) di qua tung Iayer mOt

Hinh 8. Thuat toan Adam
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Hinh 10. St dung Skip connection layer gidp giam thi€u dugc van dé gradient
vanishing

2.2.6. Train Some Layers

Dua trén viéc model qua sau sé dan dén viéc vanishing
do khéng truyén dugc thong tin clia gradient d€ model cap
nhat trong s6 [6]. Do d06, chién thuat nay sé chia model gobm
7 hidden layer thanh 4 model con cé s6 lugng layer tuang
ung la 2-2-2-1. Ti€p theo, ching téi sé thuc hién 7 lan train
bang cach chéng chat cac model con nay va két hop vdi viéc
luan phién freeze (fix, weights khong dugc update trong qua
trinh train) va unfreeze (weights dugc update trong qua
trinh train) weights clia cac model con (hinh 11 va 12).

Sub Model 1 Sub Model 2 Sub Model 3 Sub Model 4
Node: 128 Node:128 Node:128
Sigmoid Sigmoid Sigmoid l
l l l Node:128
Node: 128 Node:128 Node:128 Sigmoid
Sigmoid Sigmoid Sigmoid

Hinh 11. Model gom 7 layers bj vanishing s dugc chia thanh 4 model con

fix
fix fix

l Node:128 Node:128 Node:128 " Node:128 Node:128 Node:128
Node:128 Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid
Sigmoid

l Node:128 Node:128 Node:128 Node: 128 Node: 128 Node:128
Node:128 S‘g’{mid Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid
Sigmoid v

Node:128 Node:128 Node:128 Node: 128 Node:128 Node:128
Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid
Train lan 1
Node:128 Node:128 Node:128 Node: 128 Node: 128 Node:128
Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid
1
. ; \ v
> -
Trinlan2 - Train lan 3 Node:128 Node:128 Node:128 Node:128
Sigmoid Sigmoid Sigmoid Sigmoid
Node:128 Node:128 Node:128 Node:128
Sigmoid Sigmoid Sigmoid Sigmoid
# A o |
Train lan 4 Train lan 5 v &
Node:128 Node:128
Sigmoid Sigmoid
Train 1n 6 Train 1én 7

Hinh 12. St dung chién thuat train ting nhém layer nhd gidp gidm thiéu dugc
van dé gradient vanishing

Train lan 1: Train sub model 1 v&i 100 epoch; Train lan 2:
Ghép sub mode 1 va 2 lai v&i nhau. Train véi 100 epoch
nhung fix weight ctia sub model 1; Train lan 3: Ti€p tuc train
thém 100 epoch nhung lan nay khéng fix weight cta sub
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model 1; Train 1an 4: Ghép sub mode 1, 2 va 3 lai vSi nhau.
Train vé&i 100 epoch nhung fix weight ctia sub model 1 va 2;
Train lan 5: Ti€p tuc train thém 100 epoch nhung lan nay
khong fix weight ctia sub model 1 va 2; Train 1an 6: Ghép sub
mode 1, 2, 3 va 4 lai v6i nhau. Train v&i 100 epoch nhung fix
weight ctia sub model 1, 2 va 3; Train lan 7 : Tiép tuc train
thém 300 epoch nhung lan nay khéng fix weight ctia sub
model 1,2 va 3.
3.XAY DUNG VA HUAN LUYEN MO HINH
3.1. Chuan bi dit liéu

Trong bai bdo nay, nhém tac giad st dung bo di liéu
FashionMNIST clGa tidc gid Zalando trong thu vién
torchvision. Data bao gém mét tap huan luyén (training set)
v3i 60.000 mau dii liéu (samples) va mot tap kiém thir (test
set) 10.000 samples. Méi sample 1a mét anh xam co kich
thudc 28x28. Ngoai ra mbi anh sé dugc label tir 0 dé€n 9 (10
classes) vai mdi s6 tuong trung cho object c6 trong anh (0 T-
shirt/top, 1 Trouser, 2 Pullover, 3 Dress, 4 Coat, 5 Sandal, 6
Shirt, 7 Sneaker, 8 Bag, 9 Ankle boot).

Il

~ AMNAOE AR
e IR fyayuprynyain
- AL I L
HANNAORANn
~ MR M
- R EN N
- [MEMOE S
R I o e e o ] e e et
ERAEFEOCOERD
w BnnnryzE

Hinh 13. Cdc mau dif liéu (samples) trong data Fashion-MNIST

Dress

Sneaker

Nhém tac giad xay dung mét model MLP @€ phan loai 10
classes trén tap data nay. Tuy nhién, viéc lua chon céc tham
s6 phu hgp dé xay dung model phu hgp véi data la khéng
dé dang va chung ta sé d6i mat vai nhiéu van dé can giai
quyét dé train dugc mot model mong muén.

Chuén bi dir liéu va chia tap train, tap test, khai tao bién
batch_size véi gid tri 512.

[ ] 1batch_size =512
2 nun_epochs = 308
3lr=0.8

o 1 train_dataset = FashionMNIST('./data’, train=True, dounload=True, transform=transforms.ToTensor())
2 train_loader = Dataloader(train_dataset, batch_size, shuffle=True)
3 test_dataset = FashionMNIST('./data', train=False, dounload=True, transform=transforms.ToTensor())
4 test_loader = Dataloader(test_dataset, batch_size)

Hinh 14. Prepare data

Website: https://jst-haui.vn
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3.2. Xay dung va huan luyén mé hinh

Khai tao danh sach (list): 4 list train_losses, train_acc,
val_losses, va val_acc dugc tao ra dé luu trit gia tri mat mat
va d6 chinh xac clia model trén tap huan luyén va tap kiém
thé sau méi ky (epoch).

Train: Vong lap for chay qua s6 lugng epoch da xac dinh
trudc (num_epochs). Trong méi epoch: model dugc chuyén
sang ché d6 huan luyén (model.train()).

- M6t vong lap bén trong chay qua tat ca cac batch di
liéu trong train_loader.

- Gradient clia cac tham s6 model dugc dat vé 0.
- Model tién hanh du doan va mat mat dugc tinh toan.

- Gradient dugc tinh todn thong qua phuong thuc
backward().

- Cac tham s6 model dugc cap nhat bang thuat toan cua
optimizer.

- Gia tri mat mat va do chinh xac ctia model trén tap huan
luyén dugc log lai.

Evaluate: Sau khi huan luyén xong trén tat ca cac batch:

- Model dugc chuyén sang ché do6 danh gia
(model.eval()).

- Test data dugc dua qua model.

- M4t mat va dé chinh xac trén tap test dugc log lai.

Luu tri va in két qua: Gia tri mat mat trung binh va dé
chinh xac trung binh cho tap huan luyén va tap kiém th
dugc thém vao céc list tuong Ung (hinh 15).

model.train()
t_loss =@
t acc =@
cnt = @
for X, y in train_loader:
X, y = X.to(device), y.to(device)
optimizer.zero_grad()
outputs = model({X)
loss = criterion(outputs, y)
loss.backward()
optimizer.step()
t_loss += loss.item()
t_acc += (torch.argmax(outputs, 1) == y).sum().item()
cnt += len(y)
t_loss /= len(train_loader)
train_losses.append{t_loss)
t_acc /= cnt
train_acc.append(t_acc)

model.eval()

v_loss = @

v_acc = @

cnt = @

with torch.no_grad():

for X, y in test_loader:

X, y = X.to{device), y.to(device)
outputs = model(X)
loss = criterion(outputs, y)
v_loss 4= loss.item()
v_acc += (torch.argmax(outputs, 1) == y).sum().item()
cnt += len(y)

v_loss /= len(test_loader)

val_losses.append(v_loss)

wv_acc /= cnt

val_acc.append(v_acc)

Hinh 15. Train va Evaluate
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4, KET QUA THUC NGHIEM

4.1.Khéi tao weight cho phuong phap Weight Increasing
Nhom tac gid thuc hién khdi tao weight véi tang bién

(variance) (hodc standard deviation) dé gidm thiéu

vanishing problem trong bai viét nay hinh 16 khéi tao trong
sO (dong 13 - 16).

(a) Khai tao mean = 0 va standard deviation = 1.0
« Weight Increasing [ =

— Model: =
- Weight Initialization: p=0, 0=1.0 3s{
- Hidden Layers: 7 layers 0] |
+ Activation: sigmoid
+ Nodes: 128 L]
* Loss:CE
- Optimizer: sgd 154

(b) Khé&i tao mean = 0 va standard deviation = 10.0

+ Weight Increasing 120 {

— loss

~ Model: | =
+ Weight Initialization: p=0, 0=10.0

« Hidden Layers: 7 layers 801

+ Activation: sigmoid J ‘

+ Nodes: 128 il

+ Loss: CE

+ Optimizer: sgd ‘

|

Loss

1 M 0 50 100 150 200 250 300
teration

class MLP(nn
def _ i
super (MLP

-Module):

(self, input_dims, hidden dims, output_dims):
Loself). dnit ()

a1
3
4 self.layerl = nn.Linear(input dims, hidden_dims)
5
B
8

self.layer2 = nn.Llinear (hidden_dims, hidden_dims
self.layer3
self.layersd
self.layers

9 self.layer6
1@ self.layer7
11 self.output

nn.Linear (hidden_dims, hidden_dims
nn.Linear(hidden_dims, hidden_dims

nn.Linear(hidden dims, hidden dims
nn.Linear(hidden_dims, output_dims

)
( )
( )
nn.Linear (hidden_dims, hidden dims)
nn.Linear (hidden_dims, hidden_dims)
( )
( )

13 for m in self.modules():
14 if disinstance(m, nn.Linear):
15 nn.init.normal_(m.weight, mean=2.@, std=1.@)
16 nn.init.constant_(m.bias, ©.@)
def forward({self, x):
nn.Flatten() (x)

self.layerl(x)

[ =]
=
[}

[y

nn.Sigmoid() (x)
self.layer2(x)
nn.Sigmoid() (x)
self.layer3(x)

TR X

oo
on

nn.Sigmoid()(x)
self.layerd(x)
nn.Sigmoid() (x)
self.layers(x)

i)

RN RKRKNRKRRKRRRRNRNRE
[+1] B
o

\n

w

nn.Sigmoid() (x)
self.layer6(x)
nn.Sigmoid()(x)
self.layer?(x)

N sy

nn.Sigmoid()(x)
out = self.output({x)

wow
[FTI SR U ]

w
EE A A A A R T

Wow oW
[= Y

w
b}

return out

Hinh 16. Example dung activation trong Dense layer
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4.2. Thay déi activation function cho phuong phap 2 |17 fjflll;

Better Activation ; ::::zj;’:? self.hidden_dims, device=device)(x)
Nhém tac gia thay d8i activation t6t hon cho van dé T | nom e, Qs

vanishing. Cac dong code 22, 24, 26, 28, 30, 32, va 34 & hinh | || ] e st

29 x = nn.BatchlNormld(self.hidden dims, device=device)(x)

17 1a vi du st dung sigmoid activation khi xay dung network. i Sle i)
Chung t6i st dung RelLU (torch.nn.ReLU) hay Tanh = R e —

34 x = self.layers(;

(torch.nn.Tanh). 0

self.hidden_dims, device=device)(x)

36 x = nn.Sigmoid(})(x)
2 i i — loss 37 % = self.layers(:
Be“er Ac“vatlon 30 val_loss 38 self.hidden_dims, device=device)(x)
39
- Model: P
+ Weight Initialization: p=0, 0=0.05 = 1 j} x: ::':j;ﬂ;crf,w“”‘hidde"’dims‘ device=device) (x)
« Hidden Layers: 7 layers 201 | 43 out = self .output(x)
PRY] ‘ 44
« Activation: relu 8 | a5 return out
+ Nodes: 128 1> \
. i i — s
+ Loss: CE sl % | Normalize Inside Network ol .
+ Optimizer: sgd, Ir=0.05 | ‘ | | — Model: ol
s A L fi L LA A + Weight Initialization: p=0, 0=0.05 |
L & kLL_‘\LH * Hidden Layers: 7 layers + BaichNorm b |
- « Activation: sigmoid # 1001
0 s0 w0 150 200 250 300 * Nodes: 128 sl
teration + Loss: BCE
- Optimizer: sgd asof N
e I o ——— o
oo . =Se—s
Rerat

P % wm  u om0 m

Hinh 17. Vi du st dung sigmoid activation khi xdy dung network gl

4.3. Thay do' activation funCtlon Cho phu’dng phap Epoch 288/3¢@, Train_Loss: ©.8823, Train Acc: 8.9796, Validation Loss: 8.6619, Val Acc: B.8275

H H Epoch 281/38@, Train_| @.8834, Train_Acc: ©.9781, Validation Loss: ©.4969, Val_Acc: @.8559

Better optlmlzer Epoch 282/360, Train_Loss: 0.8832, Train_Acc: 8.9783, Validstion Loss: 8.4129, Val_Ace: 9.5763
. . . o . . . Epoch 283/360, Train Loss: 0.8787, Train Acc: 8.9881, Validstion Loss: .4238, Val Acc: 9.3829

Trong budc Complle model Chung t6i khai bao Ioa| Epoch 284/38@, Train_Loss: ©.@819, Train_Acc: ©.9782, Validation Loss: ©.4756, Val_Acc: 8.8612
.. R o . . J R , Epoch 285/369, Train_Loss: 8.8813, Train_Acc: 8.9781, Validstion Loss: 8.4855, Val Acc: 9.8611
Optlleer ma model sé ap dung Chung toi du‘a vao Vi dU Epoch 286/300, Train ©.0796, Train Acc: ©.9799, Validation .5041, Val_Acc: 8.8542
< \ ~ g 2. . . P Epoch 287/30@, Train ©.8793, Train_Acc: ©.9794, Validation .5288, Val_Acc: 9.8518

nhu hinh 18 (dong SO 3) dé thay doi opt|m|zer t6t hon cho Epoch 288/300, Train 0.67%6, Train Acc: 9.9799, Validation ‘5094, Vel Acc: @.8497
viéc gidm thiéu van dé vanishing. Vi du hinh 18 (dong s6 3) Froh 2ea/200, <ot o omse, Toadee oo, Vet el Vi aigans
R A : R Epoch 2917360, Train_Loss: 8.8796, Train_Acc: 8.9734, Validation Loss: 8.4567, Val_Acc: ©.8639
su dung SGD (Stochastic Gradient Descent) cla PyTorch. Epoch 292/360, Train Loss: @.8781, Train_Acc: 8.9798, Validation Loss: 8.4605, Val Acc: ©.8667
Dié : : d h hi b <ch : Epoch 293/360, Train Loss: 8.8772, Train_Acc: 8.9796, Validation Loss: 8.5424, Val Acc: 9.8453
leu nay ugc thuc en ang cac goil Epoch 284736, Train_Los

Epoch 295/360, Train

“optim.SGD(model.parameters(), Ir=Ir)". Optimizer nay sé Epoch 296/300, Train |

8.8764, Train_Acc: @.988@, Validation Loss: ©.4917, Val_Acc: ©.8554
@.0782, Train_Acc: @.9799, Validation .4515, Val_Acc: 8.8718
©.0758, Train_Acc: @.9814, Validation .4715, Val_Acc: ©.8603
@.0726, Train_ Acc: @.9824, Validation .5712, Val Acc: @.8375

dUdc SL’I dung dé’ Cép nhét trong 56 Cl,]a mé h‘lnh Vé glém Epoch 298/3@8, Train @.0766, Train_Acc: ©.9798, Validation .4514, Val_Acc: ©.8759

Epoch 299/38@, Train @.8759, Train_Acc: @.9883, Validation .4588, Val_Acc: 9.8739

thléu hém mé't ma’t trong qua’ tr‘lnh hué'n IUYén, énh hu(’jng Epoch 380/308, Train_Loss: ©.8736, Train_Acc: ©.9812, Validation Loss: @.4151, Val_Acc: 8.8751

Epoch 297/30@, Train

truc ti€p dén téc dé va chat luogng clia qua trinh hoi tu cla Hinh 19. Example dung BatchNormalization layer trong network
model. PyTorch cung cép nhiéu optimizer khac nhu Adam (b) Built-in Custom normalize layer:

(torch.optim.Adam) hay RMSProp (torch.optim.RMSProp).

° 1 model = MLP{input_dims=784, hidden_dims=128, output_dims=18).to(device)

Data: X ={X;, ..., Xn}

2 criterion = nn.CrossEntropyloss() Mean:
3 optimizer = optim.SGD(model.parameters(), lr=1r) 5i
+ Better Optimizer ol — B(X)= ZXiPX(Xi)
— Model: ol ] =
. WBighlInilializ:a;il‘aan:er:ﬂ‘ 0=0.05 -
: Rl ol Variance:
- Nodes: 128 3 100] |
+ Loss: BCE 075 \ . N P
+ Optimizer: Adam a0 AN var(X} = E((X - E(X))z) = Z((Xl e E(X))ZPX(XE)
‘ sty =it i R SO o i=1
il TETE w mow W Standard deviation:
ol
‘ o= ,/var(X)
Hinh 18. Example ding optimizer SGD khi compile model var(X) — ZV:(X, — B(X))?Px(X:)
4.4. Thém caclayer thuc hién ky thuat normalize cho phuong Y =1
phap Normalize Inside Network = Z(X? — 2X,E(X) + B(X)?)Px(X))
Nhém tac gid thuc hién thém BatchNormalization va mot . ~ N
custom layer 4p dung moét ky thuat normalize cda riéng = ZX.?P;;(XI) = 2 2X.E(X)Px(X) + ZE(X)QPX(X";)
chuing t6i cho bai bao nay (hinh 19, 20). = 2 P
(a) Built-in BatchNormalization layer: Nhém tac gia thém — E(X?) — 2E(X)[Z; APy (X)] + B(X)?
cac BatchNormalization layer (torch.nn.BatchNormld) vao — E(X?) — (E(X))

gitra hidden layer va activation function. o . o
Expected value — Gid tri ky vong (E); Probability — Xdc sudt (P)
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Nhom tac gid gidi thiéu y tudng normalize input theo  connection path tur hidden layer 1 qua hai hidden layer 2 va
cong thuc: hidden layer 3 sau d6 céng vdi output clia hidden layer 3.
def forward(self, x):

=
o

€ — Inean

. 28 x = nn.Flatten()(x)
- sogs 21 = self.l 1(x)
standarddeviation - g e
L = - EA
23 skip = x
[ 1 1class MyNormalization(nn.Module): 24 x = self.layer2(x)
2 def _init_ (self): 25 *x = nn.5igmoid()(x)
2 super(}._ init_ () 26 x = self.layer3(x)
5 - 27 x = nn.Sigmoid(){x)
= 28 x = skip + x
5 def forward(self, x): ;9 w = sel? layera(x)
- . A
6 mean = torch.mean(x) ETe) x = nn.Sigmoid()(;{)
o std = torch.std(x) 31 skip = x
3 return (x - mean) / std 32 x = self.layer5(x)
33 x = nn.Sigmoid()(x)
| | g frerieE, ) ;; - o el layer_é’(;\’
- . 3
20 x = nn.Flatten()(x) 3s x = nn.Sigmoid()(x)
N B . )
2t 3 5 ML B 36 x = self.layer7(x)
22 x = MyNormalization()(x) - - s iy :(; .
23 x = nn.Sigmoid()(x) ;é z _ Zzipl?rjl 00
2 = . (x) ~
. x - =elf laye.er‘Zk}.(J 3 out = self.output(x)
25 ¥® = MyNormalization()(x) . putL
@
26 x = nn.Sigmoid() (x} - o
27 x = self.layer3(x) 25l SEEIAT GRS
28 x = MyNormalization()(x) . Skip Connection
29 % = nn.Sigmoid() (x) 2251 %\ -
38 x = self.layerd(x) — Model: 200 |
31 x = MyNormalization() (x) « Weight Initialization: p=0, 0=0.05 \
= & = M SIS, + Hidden Layers: 7 layers + SkipConnection ok
o o i';?ersjf)\(\) + Activation: sigmoid cas]
- = : LX) - Nodes: 128 L
34 x = MyNormalization()(x) . L:s:sBCE |
35 x = nn.5igmoid() (x) - Optimizer: sqd ] g
36 x = self.layer6(x) [=w - -~ =
37 x = MyNormalization()(x) =-| -~ \\“‘\—f—-\,_,
38 x = nn.Sigmoid() (x) === =
39 x = self.layer7(x) ]‘{ ANREOR
48 % = MyNormalization()(x) teal ;“
41 x = nn.Sigmoid()(x) ¥ |
42 out = self.output(x) “‘ |
43 : S )
44 return out -
Hinh 21. Vi du thuc hién skip connection qua 2 layer
. g 5
Normalize Inside Network = - .a . A . .
Model 4.6. Thuc hién chién thuat train trong Train Some Layers
- : o
* Welght Initialization: =0, 5=0.05 ‘ Véi chién thuat Train Some Layers thi nhédm tac gia chia

+ Hidden Layers: 7 layers + CustomNorm

+ Activation: sigmoid L model bi vanishing thanh titng model nhg, roi train nhiéu
+ Nodes: 128 3 | » L A ~ A’ ~ A .
: URCEB0E i ‘ lan v&i model chéng chat s6 lugng sub model tang dan. Vi
o o.m...izer:f?dmﬁr “\'\,’ ‘ du hinh 22: Hudng dan cach chia sub model gém 2 hidden

layer (1); Khdi tao 2 submodel first va second (2); Train vd&i

' O R e a submodel first bang cach tao model (3); Chong chéat 2

submodel dé train nhung sé freeze (fix) weights submodel

first (sé khong cap nhat weights trong llc train), ching toi
dung param.requires_grad = False (4).

©9.2639, Train_Acc: ©.9063, Validation Loss: 0.4374, Val Acc: 8.8468 .

0.2678, Train_Acc: ©.9039, Validation .4471, Val Acc: 0.8437 . Traln Some Layer

0.2681, Train_Acc: 0.9649, Validation Loss: 0.3813, Val Acc: 8.8663
: @.2630, Train_fcc: 0.9064, Validation Loss: 0.4044, Val Acc: 8.8615 ) : 5 g ,
©.2679, Train Acc: ©.9954, Validation Loss: 8.3774, Val_Acc: 0.8653 Train lAn 1 Train lan 2 Train lan 3 Train lan 4

Epoch 280/369,
Epoch 2817369,
Epoch 2827369,
Epoch 283/360,
Epoch 284/360,

Epoch 285/309, | ©.2611, Train_Acc: ©.9978, Validation Loss: 8.4677, Val Acc: 8.8314
Epoch 286/309, Train Loss: ©.2593, Train Acc: 8.9986, Validation Loss: 8.4098, Val Acc: 8.8571 e =5 = . = = =
Epoch 287/309, Train_Loss: ©.2695, Train Acc: 8.9852, Validation Loss: 8.4136, Val Acc: .8509 n |2 L | CL I i
Epoch 288/300, Train Loss: ©.2653, Train Acc: ©.9058, Validation Loss: @.5147, Val Acc: 8.8155 i a1l wl | ‘,l
Epoch 289/300, Train_Loss: @.2637, Train_Acc: @.9858, Validation Loss: ©.5125, Val Acc: .8186 \
Epoch 298/369, Train_Loss: 8.2596, Train Acc: 8.9888, Validation Loss: 8.3897, Val Acc: ©.8630 * ;, u i
Epoch 291/300, Train_Loss: @.2656, Train_Acc: ©.9855, Validation Loss: ©.3729, Val Acc: 0.87@3 i il N ju
Epoch 292/300, i 1 8.2610, Train_Acc: ©.9876, Validation Loss: ©.4326, Val Acc: 0.3488 W \ 3 W
Epoch 293/369, ©.2609, Train_Acc: ©.9074, Validation Loss: 8.4619, Val Acc: 8.8417 w b \
Epoch 294/368, ©.2556, Train_Acc: ©.9985, Validation ©.4136, Val_Acc: 8.8593 - \ _ 1 A
Epoch 295/309, 0.2614, Train Acc: 8.9958, Validation 8.3787, Val Acc: 0.8683 w & ™ " S — 5 .
Epoch 296/308, 0.2583, Train_Acc: 8.9991, Validation 0.4910, Val Acc: 8.8359 : S|l u T——— S~
Epoch 297/308, 0.2620, Train_Acc: ©.9876, Validation 0.4909, Val_Acc: 0.8576 T ] W m T 5 Y 3 5 = % P G % 5 5 B E3 M w ®m m
Epoch 298/389, ©.2565, Train_Acc: ©.9887, Validation ©.3875, Val_Acc: 0.8685 b Lo s brtic
Epoch 299/309, 0.2547, Train Acc: 0.9094, Validation 0.3659, Val Acc: 0.8714 : Train 4 7
Epoch 308/3089, Train_Loss: 8.2534, Train Acc: 8.9996, Validation Loss: 8.4857, Val fcc: 0.8566 Train lAn 5 Train lan 6
\ N . | s o L=
Hinh 20. Example dung Custom normalize layer trong network | " :
u
.n 2 o , s | i

4.5. Thuc hién xay dung kién trdc model véi | el

. . | i LIFS
Skip Connection \\ i

W N
P .on . . s 7 .2 ~ w ~ o .
Bé thuc hién skip connection nhém tac gid sé S~ o TR

thuc hién nhu vi du hinh 21, thuc hién moét skip  + =
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* Train Some Layer

Trainlan 1 Train 3n 2 Train ln 3
Trainn 5 Train &n 6 Trainlén 7

1 model = nn,Sequential (
def _init (s 5, output dims): 2 finst,

ers, self)._init_ nn.Linear(128, 18 e
o, Linear(input_dins, output_ding 4 ),to(device
n

o criterdon = nn.CrossEntropyLoss()
), ™. Liner): optinizer = optin.SGD(nodel.paraneters), lrelr)
nn mal_(m.ueight, mean=0.0, std=0.05)
nn.dnit, constant_(m.bias, €.6)
def 1 for paran in first.parameters():
paran, requires_grad = False

= mn. Sigmodd()(x)
x = self. layer2(x
x = nn, Signodd() (x)

4 model = nn. Sequential(

first, o

second,

return x nn, Linear(128, 10

). to(device

19 criterion =
optimizer = optin.SG0(medel.paraneters(), lr=lr)

CrossEntropyloss()
1 first = HLP_2layers(input_dins=784, output dims=128
1 second = NLP_2layers(input d:
3 third = HLP_2layers{input_dir
4 fourth = NLP_Llayer (input_dins=128, output dims=128

Hinh 22. Vi du cach chia sub model va train véi sub model
5. KET LUAN

Bai b4o nay tap trung vao viéc gidm thiéu van dé vanishing
gradient trong cdc mang noron da I&p (MLP), mét van dé phé
bién trong hoc sau, dac biét khi huan luyén cac mé hinh sau.
Nhom tac gid trinh bay 6 phuang phap dé gidi quyét van dé
nay: Weight increasing, Better activation, Better optimizer,
Normalize inside network, Skip connection, Train some layers.
Ngoai ra, dua trén nguyén nhan clia vanishing, nhém tac gia
gidi thiéu va xay dung ham MyNormalization() mot ham tuy
chinh v&i muc dich cung cdp mét gidi phap hiéu qua dé kiém
soat phan phéi dac trung va gidm thiéu bién déng qua cac
I6p, tuong ty nhu BatchNorm trong PyTorch. Céc phuong
phap nay dugc danh gid va thd nghiém trén bo dir liéu
FashionMNIST, v&i muc tiéu cung cdp mét cach ti€p can mai
dé t8i uu hoa hiéu suat clia cdc md hinh MLP sau trong viéc
du dodn va hoc tu dir liéu.
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