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(A) Contributions

 We propose a large-margin Gaussian Mixture (L-GM) loss for image
classification tasks, which is established on the assumption that the deep
features of the training set follow a Gaussian Mixture distribution.

 We can easily introduce a classification margin into the L-GM loss and
model the training feature distribution.

 Besides classification, it can be readily used to distinguish abnormal
inputs, such as the adversarial examples, based on their features' likelihood
to the training feature distribution.

(B) GM loss formulation

(1)The classification loss

The deep feature 𝑥 follows a Gaussian mixture distribution.

𝑝 𝑥 =
𝑘=1

𝐾

𝒩 𝑥; 𝜇𝑘, Σ𝑘 𝑝(𝑘)

The conditional probability distribution and posterior probability distribution

can be expressed by
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As such, the classification loss is
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(2) The likelihood regularization

The log likelihood for the complete dataset 𝑋, 𝑍 is

log 𝑝 𝑋, 𝑍 𝜇, Σ = −
𝑖=1
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We define the likelihood regularization term as
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Finally the proposed GM loss is

ℒ𝐺𝑀 = ℒ𝑐𝑙𝑠 + 𝜆ℒ𝑙𝑘𝑑

(C) Classification margin

Denote 𝑥𝑖’s contribution to the classification loss as ℒ𝑐𝑙𝑠,𝑖.
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To introduce the classification margin, we only need to substitute 𝒅𝒛𝒊 +𝒎

for 𝒅𝒛𝒊, in which 𝒎 is the margin. And we let 𝑚 = 𝛼𝑑𝑧𝑖.

(E) Image classification experiments

Extensive experiments on various recognition benchmarks like MNIST,

CIFAR, ImageNet and LFW demonstrate the effectiveness of our proposal.

(D) Feature visualization

We plot the learned 2-d features of MNIST training set with LeNet for

different loss functions.

(a) Softmax loss. (b) Softmax loss + center loss (c) Large-margin

softmax loss. (d) GM Loss without margin (𝜶 = 𝟎). (e) Large-

margin GM loss (α= 𝟏). (f) Heatmap of the learned likelihood.

(F) Adversarial verification experiments

The adversarial examples have low likelihood for the learned feature distri-

bution. We can distinguish them from normal inputs by the likelihood.
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