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Data Assumptions

Data

Labeled data
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Clean unlabeled data
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Data Assumptions

Models

Many models try to learn from both labeled and unlabeled data,
e.g.,

SVMs
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SVM

S3VMs
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S3VMs
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Scenario

Problems
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Previous SSL assumption: unlabeled data are from the same
distribution as the labeled data.
Usual situation: unlabeled data may be a mixture of relevant
and irrelevant data.
Very common in web applications: unlabeled data are not
well-prepared.

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Setup

Setup

Data Illustration
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L = {(xi , yi )}Li=1

xi ∈ X ⊆ Rd , yi ∈ {−1, 0, 1}
U = UR ∪ U0 = {xi}Ui=1

Objective: seek
fϑ(x) = wTφ(x) + b, ϑ = (w, b),
to separate the binary class data
correctly with the help of (mixed)
unlabeled data

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Model

Definition

Objective function:

min.
ϑ

λ

2
‖w‖2 +

∑
xi∈L

ri`L(fϑ(xi ), yi ) +
∑
xi∈U

ri`U(fϑ(xi )) ,

Facts: if fϑ(xi )� 0, more confident on +1-class
if fϑ(xi )� 0, more confident on −1-class
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Principle: rely more on labeled and relevant data,
risk measured by hinge loss, symmetrical hinge loss

Principle : ignore irrelevant data,
risk measured by ε-insensitive loss

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Model

Definition

Objective function:

min.
ϑ

λ
2
‖w‖2+

∑
xi∈L±1

riH1(yi fϑ(xi ))+
∑

xi∈L0

ri Iε(fϑ(xi ))

+
∑

xi∈U
ri min{H1(|fϑ(xi )|),Iε(|fϑ(xi )|)} .

H1(z)=max{0, 1−z}, Iε(z)=max{0, |z|−ε}.

Loss functions illustration:
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Hinge loss
Symmetrical hinge loss
ε−insensitive loss (ε=0.1)
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Model

Model Generalization

Objective function:

min.
ϑ

λ
2
‖w‖2+

∑
xi∈L±1

riH1(yi fϑ(xi ))+
∑

xi∈L0

ri Iε(fϑ(xi ))

+
∑

xi∈U
ri min{H1(|fϑ(xi )|),Iε(|fϑ(xi )|)} .

Model relationship:

3C-SVM SVM
L −1 0 1 L −1 1
U −1 0 1 U

S3VM U-SVM
L −1 1 L −1 0 1
U −1 0 1 U

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Properties

Theorem

Objective function:

min.
ϑ

λ
2
‖w‖2+

∑
xi∈L±1

riH1(yi fϑ(xi ))+
∑

xi∈L0

ri Iε(fϑ(xi ))

+
∑

xi∈U
ri min{H1(|fϑ(xi )|),Iε(|fϑ(xi )|)} .

3C-SVM with ri =∞ for unlabeled data and ε = 0

Unlabeled data xj satisfies
(a) |wTφ(xj) + b| ≥ 1⇒ data lie on or out of the margin gap,
or
(b) wTφ(xj) + b = 0⇒wT (φ(xj)− φ(x0)) = 0, xj , x0 ∈ U0

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Transformation

Removing Min-Terms and Absolute Values

min.
ϑ,g

λ
2
‖w‖2+

∑
xi∈L±1

riH1(yi fϑ(xi ))+
∑

xi∈L0

ri Iε(fϑ(xi ))

+
∑

xk+L∈U
rk+L

H1(|fϑ(xi )|+D(1−gk ))︸ ︷︷ ︸
Q1

+ Iε(|fϑ(xi )|−Dgk )︸ ︷︷ ︸
Q2

 ,

gk = 0⇒ Q1 = 0,

gk = 1⇒ Q2 = 0,

H1(|z |+ a): non-convexity, approximated by ramploss,
H1−a(z)−Hκ(z)+H1−a(−z)−Hκ(−z),

Iε(|z | − b) = H−ε−b(−z) + H−ε−b(z),

H1(|z |+ a) and Iε(|z | − b) are symmetrical loss.

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Procedure

Concave-Convex Procedure

Objective function: Qκ(ϑ, g)=Qvex (ϑ, g)+Qκcav (ϑ)

Each step

ϑt+1 = arg min
ϑ

(
Qvex (ϑ,gt)+

∂Qκcav (ϑt )

∂ϑ
·ϑ
)
,

Dual⇐⇒
QP



max.
α,α∗

−λ
2
‖w(α,α∗)‖2+%(α,α∗)

s.t. Ae [α;α∗]=µTY•U ,

A[α;α∗]≤0 ,
0≤α,α∗≤r .

gk =

 1 if ξk≤ξ∗k
0 otherwise

,
ξk=H1(|fϑ(xk+L)|),
ξ∗k =Iε(|fϑ(xk+L)|), k=1,...,U.

Solution: w is linear combined by α and α∗,
b is attained by KKT condition.

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Procedure

Algorithm

Algorithm 1 CCCP for 3C-SVMs

Initialization:
t = 0;
Calculate ϑ0 = (w0, b0) from a U-SVM solu-

tion on the labeled/unlabeled data;
Compute

µ0
i =

{
ri if yi fϑ0 (xi ) < κ and i ≥ L + 1

0 otherwise
;

repeat
t ← t + 1;
Solve the optimization in (6) to obtain ϑt ;
Update gt from (4);
Update µt from (5);

if Qκ(ϑt , gt ) > Qκ(ϑt−1, gt−1) then

Let gt = gt−1;
Solve the optimization in (6) to obtain ϑt

by fixing gt−1;
Update µt from (5);

end if
until |µt+1 − µt | ≤ ε.

0 2 4 6 8
0

20

40

60

80

100

21

27

33

39

45

52

T
es

t E
rr

or
s

# of Iterations

O
bj

ec
tiv

e 
V

al
ue

s

20 Labeled Data

 

 
Objective Values
Test Errors (%)

0 2 4 6 8 10
50

60

70

80

90

100

8

17

25

33

42

50

T
es

t E
rr

or
s

# of Iterations

O
bj

ec
tiv

e 
V

al
ue

s

200 Labeled Data

 

 
Objective Values
Test Errors (%)

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM



Motivation Formulation Solution Experiments Conclusions References

Procedure

3CSVM Demo
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Procedure

3CSVM Result
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Setup

Comparing Algorithms:

SVMs
S3VMs
U-SVMs
3C-SVMs

Platform:
Matlab 7.3
MOSEK 5.0

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Synthetic Datasets

Data Generation

Follow scheme from Sinz et al., 2008.

±1-class: c±i = ±0.3, i = 1, . . . , 50, σ2
1,2 = 0.08,

σ2
3,...,50 = 10.

Two Gaussians with the Bayes risk being approximately 5%.

First U0: zero mean, σ2
1,2 = 0.1, σ2

3,...,50 = 10.

Second U0: variance values are the same as ±1-class data,
mean is t · c+, t = 0.5.

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Synthetic Datasets

Test procedure

L = 20, 50, 200, 500

U = 500 = (τU, (1− τ)U), τ = 0.1, 0.5, 0.9

Labeled + Unlabeled/500 Test, ten-run average

Hyperparameters

Linear kernel
Regularized parameters, forward tuning

CL CU ε κ
SVM X × × ×

U-SVM − X X ×
Further tune on S3VM
3C-SVM uses the same parameters of other models

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM



Motivation Formulation Solution Experiments Conclusions References

Synthetic Datasets

Accuracy
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Real World Datasets

Description

Datasets:

Small size: USPS
Large size: MNIST

Setup

±1-class: Digits “5” and “8”
U0: Other digits
L = 20
U = 500 = (τU, (1− τ)U), τ = 0.1, 0.5, 0.9
RBF kernel: K (x, y) = exp(−γ‖x− y‖2), γ = 1

0.3d
Other hyperparameters are set similar to those in the synthetic
datasets

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Real World Datasets

Accuracy Results

Dataset Algorithm τ = 0.1 τ = 0.5 τ = 0.9

USPS

SVM 72.4± 15.9 (0.7) 72.4± 15.9 (9.5) 72.4± 15.9 (53.1)
S3VM 63.6± 8.9 (0.0) 68.2± 8.0 (2.2) 73.2± 7.0 (9.5)
U-SVM 83.1± 2.5 (0.0) 73.4± 4.4 (0.0) 64.2± 3.6 (0.0)
3C-SVM 87.2±2.3 80.6±4.8 75.4±7.3

MNIST

SVM 70.9± 11.4 (0.3) 70.9± 11.4 (0.8) 70.9± 11.4 (13.6)
S3VM 70.9± 10.5 (0.7) 72.4± 10.1 (1.0) 75.7± 9.1 (9.8)
U-SVM 84.2± 2.2 (0.2) 80.0± 4.6 (0.9) 75.0± 3.9 (1.0)
3C-SVM 85.3±1.6 82.8±2.9 77.6±3.9

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Real World Datasets

Accuracy on Detecting 0-class
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Other Issues

Balance Constraint

Ideally, 1
U

L+U∑
t=L+1

fϑ(xt) = 1
L

L∑
i=1

yi , but no improvement from

experimental results;

A possible better on, 1
U

L+U∑
t=L+1

fϑ(xt) = c ,

c : a user-specified constant, but need tuning.

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Conclusions

Conclusions

A novel maxi-margin classifier, 3C-SVM, can distinguish data
into −1, +1, and 0, three categories.

The model incorporates standard SVMs, S3VMs, and U-SVMs
as specific cases.

It is solved by the CCCP, in a high efficiency algorithm.

Effectiveness and efficiency are demonstrated.

Future works

Model speedup

Multi-class extension

Theoretical analysis, generalization bound

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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Questions ?

Haiqin Yang
www.cse.cuhk.edu.hk/~hqyang

hqyang@cse.cuhk.edu.hk

Haiqin Yang, Dept. of CSE, CUHK Tri-class SVM
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