Module 6 - Tuan 2 - Loss Functions for
Classification

Time-Series Team

Ngay 15 thang 11 nam 2025

M6 dau: Tai sao Loss Function lai quan trong?

Trong Machine Learning, néu kién tric mé hinh 14 ”co thé”, dit liéu 13 ”thtc &n”, thi Ham méat mat
(Loss Function) chinh 1 ”la ban”. N6 dinh huéng cho mo6 hinh biét huéng di ding dan dé t6i uu hoa

trong so.

Optimizing Model Predictions

Compute Adjust
falchiate Los3 Gradient Parameters
Eﬁﬁrg! vaggr? Calculate the Update model

rediction and gradient of the parameters to
P loss function minimize loss

actual values

Blog nay sé phan tich sdu céc loai ham loss phd bién cho bai todn phan loai (Classification), tit co
ban dén cdc ky thuidt nang cao nhu Label Smoothing va Ranking Loss.
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1 Nén tang Tuw duy — Tai sao lai dung Logarithm? (Information
Theory)

Trude khi viét bat ky dong code nao, ta can tra 1di cAu héi: Tai sao may hoc lai can "ngac nhién”? Tai
sao lai ¢6 ham Logarit & khap moi noi?

1.1 Tu Xac suit (Probability) dén Sy ngac nhién (Surprise)

Trong bai todn phan loai, mé hinh trd vé mot xdc suat (vi du: 90% la dnh con meo). Nhung lam sao
dé do luong con s6 90% dé tt hay xau so véi thuce té? Céac nha khoa hoc dit liéu sit dung khai niém
"Surprise” (St ngac nhién) tit Ly thuyét thong tin.

Hay tuwong tuong mét vi du truc quan:

o Trudng hgp A: Ta tung dong xu va né ngia. Xéc suat 1a 50% — khéng ngac nhién 1m.

« Trudng hgp B: Mua vé s6 va tring doc dac. Xéc suat cuc thap (vi du 0.00001%) — cuc ky ngac
nhién (High Surprise).

Tit d6, ta c6 mbi quan hé nghich dédo: Xac suit (P) cang thidp — Su ngac nhién (S) cang
cao.

Ban dau, cong thtic don gian 1a S = %. Tuy nhién, cong thitc nay gip van dé 16n: Néu c6 2 su kién
doc 1ap x4y ra lién tiép, xac suat 1a phép nhan (P(A) - P(B)), nhung do ngac nhién ty nhién ctia con
ngudi lai 13 phép cong (ngac nhién 1an 1 + ngac nhién lan 2). Ham 1/P khong thoéa man tinh chat cong
nay.

1.2 Tai sao lai dung Logarithm? (The ”Magic” of Log)

Dé gidi quyét vin dé trén, Shannon (cha dé 1y thuyét thong tin) da dé xudt sit dung ham Logarithm.
DPay 1a budc chuyén minh quan trong nhat trong viéc xdy dung ham Loss.
Céng thitc do ludng su ngac nhién chuin xéc:

1
S = logg(ﬁ) = —logy(P)

Tai sao ham Log lai wu viét trong Machine Learning?

P to get Q= 9/10 Q Q Sto getO =log,( 1/0.9) =0.15
Pto get.= 1110 Q Q O Sto get.=|ogz( 1/0.1) =332

®
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log, ————=1log,1 — log,(0.9x0.9x0.1) O e o haparing ot and b
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1. Bién phép Nhan thanh phép Coéng: Khi tinh toin xéc suat ciia nhiéu mau dit liéu (nhu
trong hinh trén), xdc suat tong la tich clia cdc xdc suat thanh phan (0.9 x 0.9 x 0.1). Viéc nhan
nhiéu s6 nhé sé dan dén 16i tran sd (underflow) trén méy tinh. Logarit bién tich thanh téng
(log(a - b) = loga + logb), gitip tinh todn 6n dinh hon rat nhiéu.

2. Tritng phat sai lAm: Nhin vao d6 thi haim —log(z) (hinh du6i): Khi dy doén ding (P — 1):
Loss — 0. Khi du doén sai (P — 0): Loss — +o00. Diéu nay c6 nghia 13 m6 hinh s& bi "phat” cuc
ning néu né tur tin phan doan sai (vi du: khéng dinh chic chin 100% 1a meéo, nhung thuc té 13
chd).

— —log(x)

— —log2(1 —x)
0.0 0.2 0.4 0.6 0.8 1.0

1.3 Entropy va KL Divergence: Thudc do khoang cach
Hiéu duge ”Su ngac nhién” clia mot su kién don 1&, ta mé rong ra cho toan bo hé théng bang khai niém

Entropy.

« Entropy (H): La su ngac nhién trung binh. Néu mot tdp dit liéu rat hon loan (vi du: s6 lugng
gau tric duc va cdi bang nhau), Entropy sé dat cuc dai. Néu di liéu bi léch hin vé mot phia,
Entropy sé thap.

== p(x)logp(x

« KL Divergence (Kullback-Leibler Divergence): Day chinh 1a "ciy thuéc” dé do khoang cach giita
hai phan phdi xac suat:
1. Phan phéi that (P*): Thuc té (Ground Truth), vi du con ché 1a [1, 0, 0].
2. Phan phdi du dodn (P): Md hinh doan, vi du [0.7, 0.2, 0.1].

Muc tiéu ciia viéc huan luyén (Training) chinh 13 kéo phan phdi P lai gan P* nhat cé thé. Cong
thitc KL Divergence:

Dg(P*||P) =) P*(x) *(:U))
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2 Binary Classification — Cu6c Chién Gita X4c Suit va Bién Do

Bai toan kinh dién: Ta nhan duge mot email. Mé hinh can quyét dinh day 14 Spam (1) hay Not Spam

(0).

Xac dinh loai emaiil

Spam Not Spam

Email khdng mong mudn Email mong mudn

2.1 Binary Cross-Entropy (BCE) Loss: Tiéu chuan citia Deep Learning
BCE Loss (hay Log Loss) hoat dong dua trén co ché phat do léch vé x4c suat. N6 dic biét "nhay cAm”
v6i d6 tu tin ctia mo hinh.
2.1.1 Coéng thitc va Co ché hoat dong
L= —[y-log(§) + (1 —y) - log(1 - 9)]

Trong dé:

o y: Nhan that (0 hodc 1).

o §: X4c suat du dodn (output ctia ham Sigmoid, 0 < ¢ < 1).

M6 xé coéng thirc: Cong thitc nay thuc chat 13 mot cau lénh if-else toan hoc:

o Néu nhan that 14 1 (y = 1): Céng thitc con lai —log(§). Ta mudn § cang gan 1 cang t6t (Loss ~
0).

« Néu nhan that 14 0 (y = 0): Cong thitc con lai —log(1 — ¢). Ta mubn § cang gan 0 cang tot dé
(1 —9) gan 1.
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2.1.2 Tai sao BCE lai ”tan nhan”?
Xem xét vi du phan loai Spam sau dé thidy BCE trimg phat sai lam ning né nhu thé nao:
Gia st nhan that 1a Not Spam (y = 1):

1. Mb hinh A (Kh4 t6t): Dy dodn 90% 1a Not Spam (§ = 0.9).Loss = —In(0.9) ~ 0.105. Phat rat
nhe.

2. M6 hinh B (Phén van): Dy doéan 55% la Not Spam (g = 0.55).Loss = —1n(0.55) ~ 0.59. Phat
trung binh.

3. Mo hinh C (Sai nghiém trong): Du dodn 10% la Not Spam (¢ = 0.1) — Ttc la né tin 90% day la
Spam!Loss = —1In(0.1) ~ 2.30. Phat cuc nang.

So sanh Mat mat Mo hinh Dy doan Spam

]

0.59

0.105
Du doan khdng chac
M5 hinh A chan vdi Sbl.lrntli_.ir tin trung Md hinh C
Du doan chinh xac vai Du doan sai vai su tur tin
su tu tin cao cao

Bai hoc rit ra: BCE Loss khong chi quan tdAm ding hay sai, ma con quan tam du dodn tu tin dén
mitc ndo. Sai ma con ”c¢d chdp” (tu tin cao) s& nhan hinh phat khong 16.

2.1.3 Convexity (Tinh 16i) — Tai sao khéng ding MSE?

Trong Linear Regression, ta dung Mean Squared Error (MSE). Nhung trong bai todn phan
loai v6i ham Sigmoid, néu duing MSE, ham loss s& tré nén "gd ghé” (non-convex), khién thuit toan
Gradient Descent dé bi ket ¢ cdc ving tring cuc bd (local minima). Ngude lai, ham Log Loss (BCE)
dam bdo ham mat mat 14 Convex (Lbi), gitip Gradient Descent trugt tron tru xuéng ddy (Global
Minimum).
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2.1.4 Code PyTorch: Luu y quan trong
Trong PyTorch, c6 2 cich diing, nhung khuyén khich nén ding cédch 2 dé 6n dinh tinh todn (numerical
stability):

Céach 1: nn.BCELoss (Dau vao phai qua Sigmoid truéc)

# [cite: 836-837]
criterion = nn.BCELoss ()
loss = criterion(torch.sigmoid(logits), y_true)

Céach 2: nn.BCEWithLogitsLoss (Khuyén dung - Tich hgp san Sigmoid). Cach niy tranh 16i tran s6
khi log tinh toan véi cac gid tri xdc suat qua nho (= 0)

# [cite: 849-850]
criterion = nn.BCEWithLogitsLoss ()
loss = criterion(y_pred_logits, y_true)

2.2 Hinge Loss: ”Vé si” ciia SVM

Néu BCE 1a mot nha todn hoc tinh todn x4c suat chi li, thi Hinge Loss 1a mot vé si chi quan tam
dén khoang cach an toan.

2.2.1 Coéng thitc va Tuw duy Margin (Bién do - Lé)
L =max(0,1 -y - f(z))

o y: Nhan that (quy udc la -1 hoac +1 thay vi 0 va 1).

« f(x): Diém s6 dau ra (Score) ctia mo6 hinh (chua qua Sigmoid).

L2/
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Co ché ”Margin” (Bién d9)

« Ving an toan (y - f(x) > 1): M6 hinh du doan ding va diém sé d 16n (vugt qua bién 1). Loss =
0. Khéng bi phat.

« Ving nguy hiém (y - f(z) < 1):
— Du doén ding nhung diém thap (0 <y - f(x) < 1): Van bi phat nhe vi chua di ”an toan”.

— Du doén sai (y - f(z) < 0): Phat ning tinh tién theo mtic do sai.

2.2.2 Vi dy minh hoa

N N -2 X ’
Nhin vao biéu do so sanh

o
— Hinge loss
< 4 — Exp loss
— 0-1loss
c
2 o
Q
c
2
@ N
o
o
|l 1 1 1 T
-4 -2 0 2 4

« Pudng mau den (Hinge Loss) bit dau ting gid tri phat ngay khi y - f(z) < 1.

« Diéu nay ép mo hinh khong chi phan loai ding ma con phéi ddy cac diém dit liéu ra xa ranh gi6i
quyét dinh (Decision Boundary) it nhat 14 1 don vi. Pay 1a 1y do SVM c6 kha nang tong quat héa
t6t.

2.2.3 Code PyTorch trién khai Hinge Loss

PyTorch khoéng c6 ham HingeLoss truc tiép cho classification nhi phan kic¢u nay, ta thudng tu viét
hoiéic diing MultiMarginLoss cho da 16p. Dudi day la cach tu viét don gian:

1 # [cite: 1051-1053]

2 def hinge_loss(y_pred, y_true):

3 # y_true &phi 1a -1 dhoc 1

4 return torch.mean(torch.clamp(l - y_pred * y_true, min=0))

So sanh Binary Cross-Entropy va Hinge Loss

Pic diém ] M& hinh Ban chat Paura Uu digm
Binary Cross-Entropy (BCE) ] Logﬁ;’& f:grr”gggi'on X4c sust Gi4 tr] x4c sust Ham loss mugt
Hinge Loss || e, || s | | s | | ensgns
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3 Multi-class Classification — Khi Thé Giéi Khéong Chi Cé6 ”DPing”
va ”Sai”

Trong Binary Classification, ta chi ¢6 2 ctta (0 hodc 1). Nhung trong Multi-class, ching ta c6 C
ctta. Thach thitc 16n nhat & day 1a 1am sao dé céc xédc suat nay “canh tranh” nhau mét céch cong bang.

3.1 Cross-Entropy (CE) Loss: "Ngudi trong tai” Softmax

Dé gidi quyét bai toan da 16p, ta can mot co ché dé bién déi cdc diem s6 tho (logits) tit mo hinh thanh
mot phan phdi x4c suat hop 18 (téng bing 1). D6 chinh 14 vai tro ctia Softmax.

3.1.1 Ti Softmax dén Cross-Entropy

« Softmax: Ep cic gid tri dau ra z; vao khoang (0,1) va dam béo téng ciia ching bang 1.
e

C

p; = Softmax(z;) =
j=1¢7

« Cross-Entropy Loss: Sau khi c6 x4c suat p, ta so sénh né véi nhan that y (dang one-hot vector).

c
CE=—_ yilog(p:)
=1

3.1.2 Tai sao CE chi quan tidm dén 16p ding?

Hay nhin vao cong thic trén. Gid st ta dang phan loai dnh con ché (16p 0). Nhan one-hot sé la
y = [1,0,0,0]. Khi thay vao cong thitc tong:

CE = _[1 : log(pch) +0- 1Og(pmo) +0- 10g(pnga) + .. ]
CFE = — 1Og(pch)

Bai hoc cbt 16i: Trong bai toin Multi-class ti¢u chuin (diing one-hot), haim Loss chi quan tAm
dén viéc du doan xac suat cho 16p ding 1a bao nhiéu. N6 khong truc tiép phat viéc ban du doan sai cac
16p khéc, mién 1a xéc suat 16p ding di cao.

3.1.3 Code PyTorch: Pitng nham 1an!
Mot sai lam kinh dién ctia ngudi méi ding PyTorch:
« Mo hinh khéng can 16p Softmax & cudi clng.

e Ham nn.CrossEntropyLoss da tu dong thuc hién LogSoftmax + NLLLoss bén trong.

1 # [cite: 1316-1323]

2 import torch.nn as nn

3 # Logits dau ra tu mo hinh (chua qua Softmax)
i logits = torch.temnsor([[2.0, 1.0, 0.1]1]1)

5 # Nhan dung la lop O

6 labels = torch.tensor ([0])

s criterion = nn.CrossEntropyLoss ()
9 loss = criterion(logits, labels) # Tu dong tinh Softmax -> Log -> Loss
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3.2 Sparse Categorical Cross-Entropy (SCCE): Tiét kiém la qubc sach

Vé mit toan hoc, SCCE va CE la mot. Két qua tinh ra gibng hét nhau. Sy khéc biét nim & ky thuat
lap trinh va t6i wu bo nhd.

3.2.1 VAn dé ctia One-hot Encoding
Gid sit, ta dang huan luyén mo hinh du dodn tit vung tiéng Anh véi 50,000 tir.
e Néu ding CE thudng: M6i nhan 13 mot vector chita 49,999 s6 0 va 1 s6 1 — Lang phi bo nhé
khing khiép dé luu trit nhitng s6 0 v6 nghia.
3.2.2 Giai phap SCCE
Thay vi luu vector [0, 0, 1, 0, ...], ta chi can luu s6 nguyén (index) 2.
o CE: Input nhan dang [batch_size, num_classes].

e SCCE: Input nhan dang [batch_size].

Luu §: Trong PyTorch, him nn.CrossEntropyLoss mic dinh hd trg chuan SCCE (nhan nhan
14 index class (long tensor)) nén khong can ham riéng biét. Trong TensorFlow/Keras mdi phan
biét r6 CategoricalCrossentropy va SparseCategoricalCrossentropy.

3.3 Label Smoothing: Ky thuit chdng ”Ao tudng sitc manh” (Overfitting)

Pay 1a phan nang cao tht vi nhat trong bai todn Multi-class.

3.3.1 Vén dé: "Hard Label” qui cyc doan

Khi ta gdn nhan One-hot (vi du: Ché = 1, Meo = 0), ta dang ép m6 hinh phai tin tuyét dbi rang ”day
chic chan 1a ché, khong thé ¢6 0.0001% nao 14 meo”. Picu nay dan dén 2 hau qua:

« Overfitting: M6 hinh hoc vet trén dit liéu train dé dat xac suat 1.0, nhung kém trén dit liéu méi.

e Overconfidence: Mo hinh qua tu tin vao dy doan sai.

Hay xem vi du qué chuoi sau:

Google banana x 4 & Q a =@

Ml Images Videos Shopping News Books Fights ¢ More Tools W saved

a \ 3 ' 2 oure || . .
'_,) Draving £y} Cliport D Animated o Frit 'h Transparent Outiine Pt Dancing Pecled Back: >

Hau hét chudi mau vang, nhung van c6 chudi mau xanh hodc do. Néu ép nhan Yellow=1, mé hinh
sé gap khé khan khi gap qué chubi la.

10
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3.3.2 Giai phap: "Lam mém” nhan (Label Smoothing)
Thay vi day mé hinh: "Pay 1a Ché (100%)”, ta day: "Pay 1a Ché (90%), nhung hay dé danh 10% kha,
nang cho cac con vat khac”.

Céng thiic bién déi nhan:

gi=(1—a)yi +

e y;: Nhan one-hot gbc (0 hoic 1).

e a: Heé 86 1am mém (thuong chon 0.1).

o C: S6 lugng 16p.

Vi du minh hoa: Véi 4 16p, a = 0.1.

e« Nhin gbc (Chd): [1, 0, 0, 0].

« Nhan mém:

— Tai vi tri Ché: (1 —0.1)x1+40.1/4 =0.925
— Tai vi tri khéc: (1 —0.1)*0+0.1/4 = 0.025
— Nhan méi: [0.925, 0.025, 0.025, 0.025].

Ground Truth ‘ 1 0 ‘ 0 ‘ Ground Truth ‘ 1 | 0 | 0 ‘ 0 | Ground Truth ‘ 1 0 | 0 |
Label Smoothing (LS) l Label Smoothing (LS) l Label Smoothing (LS) l
LS Ground Truth ‘ 0.925 ‘ 0.025 ‘ 0025 0.025 ‘ LS Ground Truth ‘ 0925 | 0025 | 0.025 ‘ 0.025 | LS Ground Truth ‘ 0.925 ‘ 0.025 | oozs 0.025 |
Predictions | 0.7 ‘ 0.1 | 0.1 ‘ 0.1 ‘ Predictions ‘ 07 ‘ 0.1 | 01 | 0.1 | Predictions | 0.7 ‘ 0.1 | 0.1 ‘ 0.1 |

3.3.3 Tac dung

Label Smoothing gitip mé hinh tao ra cdc cum (clusters) trong khéng gian dic trung chat ché hon
va tach biét tét hon, giip mo6 hinh téng quat héa (generalization) tét hon nhicu trén dit liéu kiém
thit (test set).

Training w/o LS Training w/ LS
1.6 ; _ , 0.8 . , ,
R W
0.8} STy 4 04} 1
.:1')
oo 5
e 54
0.8+ .4 ‘,.':- 3 . -0.4 £ .
Y 4
-1.6 ‘ L . -0.8 ' ‘ L .
-16 -0.8 0.0 08 1.6 -0.8 -04 00 04 08
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