
Radial Softmax: A Novel Activation Function for Neural Networks 
to Reduce Overconfidence in Out-Of-Distribution Data

Neural networks are used widely and give state-of-the-art results in fields such as image classification 
and machine translation.  Wider adaption has drawn attention to their inability to distinguish out-of-
distribution (OOD) data from in-distribution data[1]. This leads to high confidence predictions for data
that the model has never seen. We created a modified version of softmax to reduce areas of 
confidence and distinguish OOD samples. Figures 1a to 1d visualise a two layer softmax model unable 
to distinguish OOD samples and how one class will dominate for OOD data.

Radial softmax is a novel activation function based on the regular softmax in Equation 1.
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We demonstrate the effects of radial softmax in comparison to regular softmax on an eight moons 
dataset based on the two moons dataset. We show the areas of confidence, class scores and 
probabilities for OOD samples picked from around the training set.

To see how it performs for real-life data, we train LeNet [2] on MNIST and Small Resnet [3] on SVHN, 
CIFAR-10 and CIFAR-100 datasets each for 100 iterations and five times. In Table 1 we have brought 
out which datasets are used for OOD data for each of the training sets.
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We propose a novel activation function that prioritises samples close to the training data, is able to 
learn the maximum confidences for each class and learn the approximate class distribution which it 
will predict for OOD samples. 
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The radial softmax defined in Equation 2 has the following features:
1. Class score −|𝑧!| gives higher probabilities to samples close to the training set.
2. Parameter 𝑐! specifies the maximum confidence for each class.
3. Parameter 𝑏! specifies the approximate class distribution to predict for OOD samples.

We have used the following metrics for the real-life datasets:
1. Test Error (TE) – Defined as 1 - accuracy.
2. Mean Maximum Confidence (MMC) – The mean of maximum confidence values for each data 

point scored by the model.
3. Area Under the Receiver Operating Characteristics (AUROC) - Represents a measure of 

separability as in how good the model is in predicting the correct class.
4. False positive rate (FPR) at 95% true positive rate (TPR) (FPR@95) - Defined as the FPR when 

the TPR is at 95%.

Table 1. Matrix of datasets used to sample OOD data from for each in-distribution dataset

In Table 2 we have presented the results of running the LeNet and Small Resnet models on real-life 
datasets. Bold represents metrics where radial softmax outperformed regular softmax. 

Table 2. LeNet and Small Resnet models trained on real-life datasets with softmax and regular 
softmax. Bold represents comparison figures where radial softmax outperformed regular softmax.

In this work we present a novel activation function called radial softmax that can be used in neural
networks to distinguish OOD samples from in-distribution data. The function offers improvements on 
both toy datasets and real-life datasets, while being easy to use and not requiring custom training 
cycles or major changes to existing architectures.

For radial softmax to be successful it needs to have similar TE and MMC for in-distribution data. Lower 
MMC, higher AUROC and lower FPR@95 on OOD samples.

Figure 1c. Two moons outward class scores Figure 1d. Two moons outward class probabilities

Figure 1a. Two moons dataset with two classes Figure 1b. Two moons area of confidence

We see that radial softmax outperformed regular softmax most of the times. As such radial softmax is 
suited for easy wins in distinguishing OOD samples. Parameter tuning can be used to further find
confidence and distribution parameters for better results.

Figure 2c. Class scores for eight moons Figure 2d. Class probabilities for eight moons

Figure 2a. Eight moons confidence area Figure 2b. Eight moons confidence area with 
OOD samples box

Figure 2. Eight moons radial softmax model confidence areas, class scores and probabilities visualisations after 400 training epochs

Radial softmax was successful in bringing the area of high confidence closer to the training dataset in 
Figures 2a and 2b. It was also successful on predicting approximately class distribution for OOD 
samples in Figure 2c, that were gathered from the black box in Figure 2b.

Figure 1. Two moons softmax model confidence areas, class scores and probabilities visualisations after 400 
training epochs
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