
How to Reweight Examples in SSL 
Using Meta-Learning



Background

What’s semi-supervised learning?

Few labeled data Numerous unlabeled data



Background

What’s Meta-learning?

Meta-learning refers to learning about learning.
If machine learning learns how to best use information in data to make predictions, then meta-
learning or meta machine learning learns how to best use the predictions from machine learning 
algorithms to make predictions.

We only consider Model Selection and Tuning in Meta-Learning here.

Training Set

Validation 
Set

 Validation Set(clean, unbiased, full-
labeled …)

 Training Set(noisy, biased, unlabeled
or partial labeled …)

How to use a small validation set to guide training?
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Motivation

Confirmation Bias
If the pseudo labels are inaccurate, the student will learn from inaccurate data. As a result, the student 
may not get significantly better than the teacher.

Pseudo-Label

Meta Pseudo Labels
Utilize feedback from the student to help the 
teacher update its parameters to generate more 
accurate pseudo-labels.



Method

Pseudo Labels (PL) trains the student model to minimize the cross-entropy loss on unlabeled data:

Given a good teacher, the hope of Pseudo Labels is that the obtained        would ultimately achieve a 
low loss on labeled data:

Depends on      
via 

We can explicitly express the dependency as             , Therefore, we could further optimize      with respect to



Method
Practical approximation

Approximate the multi-step                 with the one-step gradient update of     .

The final practical teacher objective is :

So the teacher parameter is not fixed anymore. The learning objectives of teacher and student give 
rise to an alternating optimization procedure.



? How to actually 
calculate this?



?



Method

Derivation of the Teacher’s Update Rule

Can be computed via 
back-propagation

We always treat      as 
fixed parameters and 
ignore its higher-order 
dependency on      .

(1)

(2)



Method

Derivation of the Teacher’s Update Rule

(3)

Substitute Equation (3) into Equation (1)

(4)



Method

Derivation of the Teacher’s Update Rule

Similarity of Student gradients 
between labeled and unlabeled samples How to approximate this? First Order Taylor Expansion

A scalar, a weight



Method

Consistency Loss





Motivation

Most of SSL algorithms model the labeled and unlabeled data in separate terms in loss function

Insufficient usage of labeled data

The unlabeled data receives no supervision.

Intuition: If the network is trained with correctly pseudo-labeled unannotated samples, the final loss 
on labeled data should be minimized.

Meta Reweighting Objective

Find the optimal weights for different pseudo-labeled samples to train a network, such that the 
final loss on labeled data is minimized. 

Meta Pseudo Label

Use feedback to increase 
accuracy of pseudo labels

Use weight to find those most 
beneficial pseudo-labeled samples

Meta-Semi



Method

Find Optimal Weight on Labeled Data

Labeled samples                         , and unlabeled samples

Optimize Ɵ on Unlabeled Data 

Labeled 
Data

Unlabeled 
Data

weight

Optimal Ɵ

Approximating the Meta Solution

At 𝑡௧௛ step in the training process, consider estimating 𝜃∗(𝑤)by performing 𝑀 times of gradient descents starting 
from current values of network parameters 𝜃௧ :

is a reliable alternate of             as long as M is sufficiently large. Then, estimate the 
gradient                                          to determine 𝑤.

It’s computationally 
intensive to do so!



Method

Approximating the Meta Solution

First Order Taylor Expansion

As the optimization objective is linear. The solution is: 

But how to understand this? What’s the complete form of gradient on w? 
Why does its sign tell us whether a pseudo labeled sample is important or not?



Method

Derivation of gradient on 

Non-zero only 
when k=j



Method

Derivation of gradient on 

Similarity of gradients between 
labeled and unlabeled samples



Method

Interpretation of meta gradients

Meta-Semi trains deep networks using pseudo-labeled samples 
whose gradient directions are similar to labeled samples.

Such a meta updating step 
does not change the values 
of parameters, but 
construct a differentiable 
computational graph.



Comparison

Meta Pseudo Label

(1)

(2)

Calculate feedback to generate 
more accurate pseudo labels in 
every iteration.

Both of them use inner product of gradients on labeled and unlabeled data. In MPL, we use it 
as a coefficient to build loss term. While in MS, we use it as a weight of loss function.

Meta Semi

Teacher
(6) Update itself

Student
(3)Update itself

Get optimal weight from labeled dataset

(2)

(4)

(1)

Copy

Backpropagation on unlabeled 
dataset with weight 0 

Find optimal weight from 
labeled data to reweight pseudo
labeled data.

Compute reweighted loss on 
unlabeled dataset

(5)



Experiment (Meta Pseudo Label)



Experiment (Meta Pseudo Label)

Benchmark Meta Pseudo Labels on the entire ImageNet dataset plus unlabeled 
images from the JFT dataset to verify MPL works well on ResNet-50.

Supervised learning methods with data 
augmentation or regularization methods

Semi-supervised learning methods that 
leverage the labeled training images from 
ImageNet and unlabeled images elsewhere.



Experiment (Meta Pseudo Label)



Experiment (Meta Pseudo Label)



Experiment (Meta Pseudo Label)

Meta Pseudo Labels can be seen as an adaptive form of Label Smoothing: 
the teacher generates soft labels on labeled data for the student, just like 
the way Label Smoothing smooths the hard labels to regularize the model. 

MPL as A Regularization Strategy



Experiment (Meta Pseudo Label)

MPL Is a Mechanism to Addresses the Confirmation Bias of Pseudo Labels

MPL converges much slower

The feedback 
of Student

Supervised 
model may 
have overfitted



Experiment (Meta Pseudo Label)



Experiment (Meta-Semi)



Experiment (Meta-Semi)



Experiment (Meta-Semi)

Ablation Study



Thanks


