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Improved generalization bound via Semi-supervised learning

Semi-Supervised Learning (Semi-SL)

Semi-Supervised Learning: Few labeled data & Plenty of unlabeled data;
Why unlabeled data? Problems of labeled data:

□ Expensive □ Time-consuming □ Lack of Quality □ Privacy Concern

Raw data Teacher Labeled data

?

Reliability? 

?

Privacy Concern?
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Self-training Algorithm

labeled data D = {xn, yn}Nn=1 &
unlabeled data D̃ = {x̃m}Mm=1:

Generate pseudo-labels:

ỹm = g(W (ℓ); x̃m);

Objective function in (S3):

f̂D,D̃(W ) =
λ

2N

N∑
n=1

(
yn − g(W ; xn)

)2

+
1 − λ

2M

M∑
m=1

(
ỹm − g(W ; x̃m)

)2
;

Few labeled data (N) Adequate 
unlabeled data (M)

(S1) Initialize teacher via labeled data;

(S2) Generate pseudo-labels via teacher;

(S3) Train student with mixed labeled 
and unlabeled data;

(S4) Replace teacher with the learned 
student in (S3), and go back to (S2);

Figure 1: Illustration of iterative self-training method
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Formal theoretical results

Theorem 1 (Convergence analysis in low labeled data regime, [ICLR’2022])
If the following conditions hold:

1/2 ≤ λ ≤
√

N/N∗ and M ≥ Θ((1 − λ)2K 3d log q).

Then, the iterations {W (ℓ)}Lℓ=0 converges to W [λ] = (1 − λ)W (0) + λW ∗ as

∥W (L) − W [λ]∥F ≤
((

1 +Θ
( 1
√
M

))
·

1
K

)L

· ∥W (0) − W [λ]∥2 +
(
1 +Θ

( 1
√
M

))
·

1
K

· ∥W ∗ − W [λ]∥F .

Theorem 2 (Zero generalization error, [ICLR’2022])
If the following conditions hold:(

1 −Θ(1/
√
K)

)2 · N∗ ≤ N ≤ N∗ ,M ≥ Θ
(
(1 − λ)2K3d log q

)
Then, the iterations converge to the ground truth W ∗ as follows,

∥W (L) − W ∗∥F ≤
[(

1 +
λ

√
N

+
1 − λ
√
M

)
·
√
K(1 − λ)

]L
· ∥W (0) − W ∗∥F .
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Insights from the theoretical results

The roles of unlabeled data amount:

The convergence rate is a linear function
of 1/

√
M;

The distance between the convergent
point W (L) and W [λ] is a linear function
of 1/

√
M.
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The selections of λ (weighted sum factor of the labeled data’s loss function):
Large λ requires less number of unlabeled data, and the convergent point move towards
the desired point W ∗;
The upper bound of λ in convergence analysis is controlled by the initialization and labeled
data amount; large labeled data and better initialization indicates a high upper bound of λ;
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Simulation Results: Real data

Image classification via the Wide ResNet 28-10 with augmented Cifar-10 dataset;
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Figure 2: The test accuracy against the
number of unlabeled data
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Figure 3: The convergence rate against the
number of unlabeled data
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