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The Power

of Unlabeled Data
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Unlabeled Data

Used in:

• Semi-supervised learning

• Self-supervised learning

• ...

Techniques:

• Contrastive learning

• Autoencoders

• Diffusion

• Pretraining, foundation models

• ...
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Back in Theory-Land...

Q: Is unlabeled data useful for classification tasks?

A: In PAC Learning: the short answer is NO.

Fundamental Theorem: Sample complexity of PAC learning is

Θ

(
VC + log(1/δ)

ε

)
regardless of whether the distribution on the domain is known.

Q: How about other models of classification?

A: In Online Learning: YES!
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Online Learning
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Online Learning: Example

Each day:

1. See what match happens today

2. Predict outcome of match

3. Loss / profit
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Online Learning: Definition

X – Domain

H ⊆ {0, 1}X – Hypothesis class

For t = 1, . . . , n:

1. Adversary chooses xt ∈ X

2. Learner chooses ŷt ∈ {0, 1}

3. Adversary chooses H-realizable yt ∈ {0, 1}

4. Learner pays 1(ŷt ̸= yt)

Want to minimize loss
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This Talk: Transductive Online Learning

Example:

Look up schedule for entire Premier League season in advance

Adversary chooses x1, . . . , xn ∈ X

For t = 1, . . . , n:

1. Learner chooses ŷt ∈ {0, 1}

2. Adversary chooses H-realizable yt ∈ {0, 1}

3. Learner pays 1(ŷt ̸= yt)

Definition: Ben-David, Kushilevitz and Mansour (1995) 9 / 16
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Definition: Ben-David, Kushilevitz and Mansour (1995) 9 / 16



Main Question

Transductive online learning:

Learner has access to

full sequence of unlabeled instances in advance

Q: How much does access to unlabeled data help?
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Q: How much does access to unlabeled data help?

Lower Bound Upper Bound

Mtr ≤ Mstd

Ω(log logMstd) ≤ Mtr ≤ 2
3 ·Mstd [BKM95]

Ω
(√

logMstd

)
≤ Mtr

≤

[BKM97]

Ω(logMstd) ≤ Mtr

≤

[HMS23]

Ω
(√

Mstd

)
≤ Mtr ≤ O

(√
Mstd

)
This Work
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Main Result

Q: How much does access to unlabeled data help?

A:

Theorem.

For every class H:

Mtr(H) ≥ Ω
(√

Mstd(H)
)
.

For all d there exists H:

Mstd(H) = d , and

Mtr(H) ≤ O
(√

Mstd(H)
)
.
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Techniques

Danger zone minimization

Probabilistic construction

Sparse codewords are easy to guess

Splitting experts

...
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Thank You!
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