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MOTIVATION
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Deep Learning is dominating computer vision
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However...
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Challenges

INFLUENCE 
FACTORS
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Addressing these problems is difficult...

Too complicated -> Hard to diagnose 

And many more...
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Data collection & labelling are challenging
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The model needs to tell 
 how uncertain it is
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Bayesian Machine (Deep) Learning

Epistemic Uncertainty Aleatoric Uncertainty
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Research Question
What are the effects of influence 
factors on these uncertainties?
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Synthetic Data for Evaluation

1. Limited real-world dataset.
2. Difficult to annotate some factors such as occlusion.
3. Easy to generate and label synthetic images.
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The ProcSy Dataset
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Uncertainty Estimation
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The model needs to tell 
 how uncertain it is
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P(input = car) = ?



P(input = car) = 0.51
P(input != car) = 0.49
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Suspicious…
(high entropy)

P(input = car) = 0.95
P(input != car) = 0.05

Should be a car
(low entropy)
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: Cat

: Dog

: Unseen

How to get that probability?
Small amount 

of data

Large amount 
of data

Predictions are:
1. consistent in regions with large amount 

of data.
2. contradictory in regions with small 

amount of data. 

EPISTEMIC UNCERTAINTY

This is traditional 
machine learning

This is Bayesian 
machine learning
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Inseparable even 
when having a lot of data

      

ALEATORIC UNCERTAINTY
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Recap
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Aleatoric Uncertainty

- is an irreducible source of errors in the data.
- cannot be reduced by obtaining more data.

Epistemic Uncertainty

- is due to lack of data.  
- can be reduced by obtaining more data.



Example
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Experimental Results
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Occlusion and Depth
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Model A: 3000 clean images                          Model B: 8000 clean images
Optimal Amount of Data?
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Inclement Weathers
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Thank you
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