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'* B. ConvRNN and its Varianis
s RNN and its classical variants LSTM and GRU have

TEIEE achieved great success in the field of sequence processing.
,g To tackle the spatio-temporal problems, we adopt the ba- (1)
f-ookec: sic ConvRNN and its variants ConvLSTM and ConvGRU,

which are transformed from the vanilla RNNs by replacing
their fully-connected operators with convolutional operators. t 2N N t -1
Furthermore, for reducing the computational overhead, we H =1 anh( W h * [X . H ] + bh),
== delicately design the convolutional operation in ConvRNNs. > >

.« In our implementation, the ConvRNN can be formulated as

Reghet: Sell-Regulated MNetwark fof lmage
Classidicaion

T

> >

(1) w = tanh(*N W) « [X' . H''] +by), (N

- where X' is the input 3D feature map, H'~! is the hidden state ( )

: obtained from the earlier output of ConvRNN and H' is the 2 N w N * X

output 3D feature map at this state. Both the number of input

' X' and outffuR)’ in the ConvRNN are N.
! Additionally, [*Y W¥ « X |denotes a convolution operation
‘o=  between weights W and input X with the input channel 2N and

b i 40 e i L

the output channel N. To make the ConvRNN more efficient,
v inspired by [30], [32], given input X with 2N channels, we
% conduct the convolution operation in 2 steps:
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Formula Detection

examples in the vicinity share the same class, and does not model the vicinity relation across examples
of different classes.

Contribution Motivated by these issues, we introduce a simple and data-agnostic data augmenta-
tion routine, termed mixup (Section 2). In a nutshell, mixup constructs virtual training examples

£ = Az + (1 - A)zy, where x;, 7; are raw input vectors
¥ = Ayi + (1= Ay, where y;, y; are one-hot label encodings

(=i, y.)md[z, y,)ntmenmplmdmwnummbmfmnwmmgdan.nnd,\ € [0,1].
Therefore, mixup extends the training distribution by incorporating the prior knowledge that linear
interpolations of feature vectors should lead to linear interpolations of the associated targets. mivgp
can be implemented in a few lines of code, and introduces minimal computation overhead.

Despite its simplicity, mixup allows a new state-of-the-art performance in the CIFAR-10, CIFAR-
100, and ImageNet-2012 image classification datasets (Sections 3.1 and 3.2). Furthermore, mixup
increases the robustness of neural networks when leaming from comrupt labels (Section 3.4), or facing
adversarial examples (Section 3.5). Finally, mixup improves generalization on speech (Sections 3.3)
and tabular (Section 3.6) data, and can be used to stabilize the training of GANs (Section 3.7). The
source-code necessary to replicate our CIFAR- 10 experiments is available at:

https://github.com/facebookresearch/mixup-cifarl0.

To understand the effects of various design choices in mixup, we conduct a thorough set of ablation
study experiments (Section 3.8). The results suggest that mizup performs significantly better than
related methods in previous work, and each of the design choices contributes to the final performance.
We conclude by exploring the connections to prior work (Section 4), as well as offering some points
for discussion (Section 5).

2 FroM EMPIRICAL RISK MINIMIZATION TO mixup

In supervised learning, we are interested in finding a function f € F that describes the relationship
between a random feature vector X and a random target vector Y, which follow the joint distribution
P(X.,Y). To this end, we first define a loss function ¢ that penalizes the differences between
predictions f{x) and actual targets y, for examples (z,y) ~ P. Then, we minimize the average of
the loss function £ over the data distribution P, also known as the expected risk:

R(f) = f\'(f'[rl-y}di’(!‘ v).

Unfortunately, the distribution F is unknown in most practical situations. Instead, we usually have
access to a set of training data P = {(x;, 1)}/ ,. where (z;,5) ~ P foralli = 1,...,n. Using
the training data D, we may approximate P by the empirical distribution

Pi(z,y) = EE&[: =x,V=W),

i=]

where §(x = z,,y = y,) is a Dirac mass centered at (x;, y;). Using the empirical distribution FP;, we
can now approximate the expected risk by the empirical risk:

Rif)= [Us@napia.v) 1) M

a-l
Learning the function f by minimizing (1) is known as the Empirical Risk Minimization (ERM)
principle (Vapaik, 1998). While efficient to compute, the empirical risk (1) monitors the behaviour
of f only at a finite set of n examples. When considering functions with a number parameters
comparable to n (such as large neural networks), one trivial way to minimize (1) is to memorize the
training data (Zhang et al., 2017). Memorization, in turn, leads to the undesirable behaviour of f
outside the training data (Szegedy et al., 2014).

¢ yl, y2 should be one-hot vectors ERM

Ay
for (x1, y1l), (x2, y2) im mip(loaderl, loaderl): L"'-'"‘._‘ R -_‘ﬁ.-‘
lam = numpy.random.beta(alpha, alpha) . . + L
x = Variable(lam = x1 + (1. - lam) « x2) :- Jl n{ . 1
% . % .
y = Variable(lam « yl + (1. - lam) » y2) '.‘_ r "'.‘_ r
optimizer.zerc_grad() PO Y™
loss (net (x ) .backward (
(x). ¥ ! (b) Effect of mixup (@ = 1) on a
cptimizer.step() toy problem. Green: Class 0. Or-

aﬂn Clusl Blue shading indicates
() One epoch of mixup training in PyTorch. ply= }

Figure 1: Nlustration of mixup, which converges 1o ER
However, the naive estimate Fj is one out of many possible choices to approximate the true distribu-
tion P. For instance, in the Vicinal Risk Minimization (VRM) principle (Chapelle et al., 2000), the
distribution P is approximated by

! "
PAZ§) = | 3 vid, i),
=]
where v is a vicinity distribution that measures the probability of finding the viriual feature-target
pair (T, 3) in the vicinity of the training feature-target (x4, y.l]. In particular, Chapelle et al.
(2000) considered Gaussian vicinities vz, j|zi, ) = N(Z - x;,0%)d(§ = y:), which is equivalent
to augmenting the training data with additive Gaussian noise. To leamn using VRM, we sample the
vicinal distribution to construct a dataset D, := {(Z,, ) )™ . and minimize the empirical vicinal
risk:

R(f)= ;Z!U(ia}»ﬁ.}-

The contribution of this paper is 10 propose a genenc vicinal distnbution, called mixup:

) = S BIBE = Aoz + (1= N 25 = Aew+ (1= X)),
)

where A ~ Beta(a, a), for a € (0, 00). In a nutshell, sampling from the mixup vicinal distribution
produces virtual feature-target vectors

i = Az, +(1- Nz,
¥ =My + (1= Ay,

where (z;, ) and (z;, y;) are iwo feature-target vectors drawn at random from the training data, and
A € [0, 1). The mixup hyper-parameter a controls the strength of interpolation between feature-target
pairs, recovering the ERM principle as a — 0.

The implementation of mitup training is straightforward, and introduces a minimal computation
overhead. Figure la shows the few lines of code necessary to implement mixup training in PyTorch.
Finally, we mention alternative design choices. First, in preliminary experiments we find that convex
combinations of three or more examples with weights sampled from a Dirichlet distribution does not
provide further gain, but increases the computation cost of mixup. Second, our current implementation
uses a single data loader to obtain one minibatch, and then mixup is applied to the same minibatch
after random shuffling. We found this strategy works equally well, while reducing /O requirements.
Third, interpolating only between inputs with equal label did not lead to the performance gains of
mixup discussed in the sequel. More empirical comparison can be found in Section 1.8,

What is mixup doing? The mixup vicinal distribution can be understood as a form of data aug-
mentation that encourages the model [ to behave linearly in-between training examples. We argue
that this linear behaviour reduces the amount of undesirable oscillations when predicting outside the
training examples. Also, linearity is a good inductive bias from the perspective of Occam’s razor,

mixup: BEYOND EMPIRICAL RISK MINIMIZATION
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