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Background

• A standard classifier assumes a closed world, i.e., classes and 
domains are the same between training and testing
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Background

• However, in an open world, the testing images may come from 
unknown classes or unknown domains. 

Out-of-distribution images



Background

p
ro

b
a
b

ili
ty

Dog   Cat

p
ro

b
a
b

ili
ty

Dog   Cat

• The classifier still makes high confident predictions for out-of-
distribution images while being wrong.

predictions



Contributions

➢They show the prediction probability of incorrect and out-of–
distribution examples tends to be lower than the prediction 
probability for correct examples.

➢These prediction probability form detection baseline, and demonstrate 
its efficacy through  various experiments.

➢They propose one method which outperforms the baseline on some 
tasks.



Experiments(Misclassified?)

Predict:     6              6              3              2                 7                2                  6            2 

Actual:      4              5              7              3                 9               7                   5            7

Predict:  8              5                8               7                3               7                4                8

Actual:   8              5                8               7                3               7                4                8

Conf:     0.81          0.91           0.84         0.91            0.85            0.75             0.90           0.88

Conf:    0.90           0.95          0.85           0.95           0.92         0.88           0.95             0.86

Average:0.86

Average:0.91

• correctly classified and incorrectly classified examples are sufficiently distinct and thus allow 
reliable discrimination



Experiments(out of distribution)
Select Maximum Softmax Probability and use it as out-of-distribution score

• softmax probabilities should not be viewed as a direct representation of confidence. 
• out-of-distribution examples sufficiently differ in the prediction probabilities from in-

distribution examples



Improved Method

Abnormally Module

1. Train a normal classifier and append an 
auxiliary decoder which reconstructs the 
input with in-distribution dataset.

2. Froze the blue

3. Train red layers on clean and noised training 
examples

4. Finally, the sigmoid output of the red layers 
scores how normal the input is



Experiments

Abnormality Module is useful to detect out-of-distribution samples
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Method

➢ Temperature Scaling

➢ Input preprocessing 



Experiment



Experiment

➢ Effects of temperatures T when ε=0



Experiment

➢ Effects of perturbation magnitude ε when T = 1



Experiment

➢ Effects of perturbation magnitude ε when T is large



Discussion

➢ Analysis on temperature scaling

by Taylor expansion

Define:



• U1 measures the extent to which the largest unnormalized output of the neural 
network deviates from the remaining outputs.

• U2 measures the extent to which the remaining smaller outputs deviate from 
each other.

➢ Interpretations of U1 and U2

Discussion



Discussion
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Discussion

➢ The effects of T

S ∝ (𝑈1 − 𝑈2/𝑇)/𝑇

in-distribution images produce larger softmax scores than out-of distribution imagesS ∝ 𝑈1:

S ∝ −
𝑈2

𝑇
：

T   𝑈2/𝑇

Opposite effect

: compensate the negative impacts of  U2/T on the detection performance



Discussion

➢ Analysis on input preprocessing

• first order Taylor expansion of the log-softmax function for the perturbed image ො𝑥,

• in-distribution results in a much larger value on the norm of softmax gradient than that of out-of-distribution,
in- and out-of-distribution images are more separable from each other after input preprocessing



Thanks


