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Multi-Task Representation Learning (MTR)
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Goal: Minimize excess risk ER = L(φ∗, w∗
T+1) − L(φ, wT+1),

with L the risk, φ∗ the optimal representation andw∗
T+1 the optimal linear predictor for task T +1.

When does MTR ProvablyWork?

Assumption 1: Diversity of the source tasks

The matrix of optimal predictors W∗ = [w∗
1, . . . , w∗

T ] should cover all the directions evenly.

Assumption 2: Constant classification margin

The norm of the optimal predictors {w∗
t }t∈J1,T K should not increase with the number of tasks.

Learning bound [1, 2]

With these assumptions, we can derive:

ER(φ, wT+1) ≤ O
(

1
n1T

+ 1
n2

)

Putting Theory toWork

Ensuring assumption 1.

κ(W) = σmax(W)
σmin(W)

or Hσ(W) =
N∑

i=1
softmax(σ(W))i · log softmax(σ(W))i

Adding κ orHσ as a regularization term leads to a better coverage of representation space Rk.

Ensuring assumption 2.

Regularizing the norm or normalizing the linear predictors

Without Regularization

𝜅(𝐖) ≫ 1
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Linear predictors can be biased from previous tasks and cover a single part of the space.

With few examples per task, linear predictors can be over-specialized.

With Regularization
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𝜅(𝐖) ≈ 1
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Assumption 1 makes sure that linear predictors are complementary to each other.

Assumption 2 avoids over- or under-specialization.

Practical Results
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××× MAML does not verify the assumptions.
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XXX ProtoNet naturally verifies the assumptions.
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XXX Statistically significant improvement with our regularization and normalization.

Take Home Message

Connection between Meta-Learning and Multi-Task Representation Learning Theory.

Explanations of why some meta-learning methods naturally fulfill theoretical assumptions

of the best learning bounds.

Practical ways to enforce the assumptions which leads to significant performance

improvements.
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