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Problem
Emotion recognition supervised by more than 
one mannally annotated datasets 
Challenges
Errors and bias of human annotations exist 
among different facial expression datasets.
- It is subjective to classify faces into several emo-
tional categories.
- Human's understanding of facial expressions 
varies with different cultures, living environments, 
and their experiences.
Annotation bias of training datasets      recog-
nition bias of trained systems

A ectNet

RAF

Unlabeled dataAnnotation: Fear

Annotation: Disgust

Prediction: Fear
Prediction: Disgust

A ectNet-trained model
RAF-trained model

More data by merging multiple training datasets 
≠ better performance of the trained system

A R A+R proposed
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How to learn from multiple datasets with an-
notation biases? 
Learn from noisy labels
- They leverage a small set of clean data or 
assume constrains or distributions of the noise.
- Each sample has one annotation. They neglect 
the noise pattern from multiple annotations.
Learn from crowd sourcing
- They estimate the true labels of the noisily labeled 
data by multiple annotators. 
- They focus on estimating the true labels of anno-
tated samples rather than train a model to predict 
unlabeled data.

Inconsistent Pseudo Annotations to Latent Truth(IPA2LT) framework

1. train machine coders 2. predict pseudo labels 3. train Latent Truth Net

Data  A, Data B: two consistently annotated datasets                 Data U: unlabeled dataset                   LT: latent truth
labelA, labelB: human labels for data A and B                                          predA, predB: predictions by model A and B  

Learn from multiple coders: human coders, trained models as machine coders 
Unlabelled data: bridge between the different datasets by sharing the same
machine coders with them 

Latent Truth Net (LTNet)

Annotation bias are modelled as the probability transitions between the latent truth 
and the (human or machine) coders’ annotations in Latent Truth Net

Goal: Learn from samples with multi-
ple inconsistent annotations
Definition of inconsistent annotations
Data:
Each sample     is labelled by C coders 
with annotations
Probability distribution of coder   labelling
    :
Inconsistent annotation assumes

Formulation of LTNet

A combination of neural network 
and Dawid&Skene’s[1] truth esti-
mation technique 

LTNet learns the latent truth 

LTNet aims to find the optimal network 
parameters     and 

The bias of coder   is represented by a 
probability transition matrix      . Then, the 
predicted distribution of   ’s annotation is     

Architechture of LTNet

End-to-end trainable

Input

latent
truth

probability
transition

…
…

cross-
entroy
loss

…
…

annotation

cross-
entroy
loss

…
…

annotation

predictions of
c’s annotation

basic part

...

[1] Dawid, A.P., Skene, A.M.: Maximum likelihood estimation of observer error-rates using the em algorithm. Applied statistics pp. 20-28 (1979)
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Randomly revise 20%,30%, or 40% labels in the training set of CIFAR-10.
Evaluate the methods on the clean test set.

LTNet-learned latent truth

LTNet-learned latent truth

Facial expression recognition
Training data: AffectNet(training), RAF(training), unlabelled data(~1,200,000)

Table 2: Test accuracy on facial expression recognition datasets. (Bold: best, Underline: 2nd best)

LTNet-learned transition matrix T for 4 coders

Statistics and visulization of the samples
H: Ne
R: Ne
G: Ne

H: Ha
R: Ha
G: Ha

H: Sa
R: Sa
G: Sa

H: Di
R: Di
G: Di

H: Ne
R: Ha
G: Su

H: Ne
R: Sa
G: An

H: Ne
R: Ha
G: An

H: Ne
R: Ha
G: Sa

H: Su
R: Su
G: Fe

H: Ne
R: Ne
G: Ha

H: Ne
R: Ne
G: An

H: Ne
R: Ne
G: Sa

H: Ne
R: Sa
G: Ne

H: An
R: Ne
G: An

H: Di
R: Sa
G: Di

H: Ha
R: Ne
G: Ha

H: Ne
R: An
G: An

H: Ne
R: Ha
G: Ha

H: Fe
R: Su
G: Su

H: Ne
R: Sa
G: Sa

H: Su
A: Su
G: Su

H: Fe
A: Fe
G: Fe

H: Ha
A: Ha
G: Ha

H: Sa
A: Sa
G: Sa

A: Ha
B: Ha
G: Ha

A: Ne
B: Ne
G: Ne

A: Sa
B: Sa
G: Sa

A: An
B: An
G: An

case 1 case 2 case 3 case 4 case 5

H: Su
A: Sa
G: Fe

H: Di
A: An
G: Ne

H: Di
A: Sa
G: Fe

H: Su
A: An
G: Fe

H: Sa
A: Sa
G: Su

H: Ne
A: Ne
G: Ha

H: An
A: An
G: Sa

H: Fe
A: Fe
G: Su

H: Sa
A: Ne
G: Sa

H: Di
A: An
G: Di

H: Fe
A: Sa
G: Fe

H: Ha
A: Ne
G: Ha

H: Ha
A: Ne
G: Ne

H: An
A: Ha
G: Ha

H: Di
A: Sa
G: Sa

H: Di
A: An
G: An

A: Ne
B: Di
G: An

A: Ha
B: Sa
G: Su

A: Ne
B: Sa
G: Ha

A: An
B: Ne
G: Sa

A: Ha
B: Ha
G: Su

A: Sa
B: Sa
G: Fe

A: An
B: An
G: Ne

A: An
B: An
G: Ha

A: Sa
B: Ha
G: Sa

A: Ne
B: Di
G: Ne

A: An
B: Di
G: An

A: Ha
B: An
G: Ha

A: Ne
B: Sa
G: Sa

A: An
B: Ha
G: Ha

A: Ne
B: Su
G: Su

A: An
B: Di
G: Di

label 1: human annotaion
label 2: prediction by
               RAFTr-traind model
label 3: latent truth

label 1: human annotaion
label 2: prediction by
               A�Tr-traind model
label 3: latent truth

label 1: prediction by
               A�Tr-traind model
label 2: prediction by
               RAFTr-traind model
label 3: latent truth

Human coder (AffectNet) Human coder (RAF) Machine coder (model 
trained on AffectNet)

Machine coder (model 
trained on RAF)

Experiments
Code is available at: https://github.com/dualplus/LTNet


