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mixup: BEYOND EMPIRICAL RISK MINIMIZATION

Hongyi Zhang Moustapha Cisse, Yann N. Dauphin, David Lopez-Paz*
MIT FAIR

ABSTRACT

Large deep neural networks are powerful, but exhibit undesirable behaviors such
as memorization and sensitivity to adversarial examples. In this work, we propose
mixup, a simple learning principle to alleviate these issues. In essence, mixup trains
a neural network on convex combinations of pairs of examples and their labels.
By doing so, mixup regularizes the neural network to favor simple linear behavior
in-between training examples. Our experiments on the ImageNet-2012, CIFAR-10,
CIFAR-100, Google commands and UCI datasets show that mixup improves the
generalization of state-of-the-art neural network architectures. We also find that
mixup reduces the memorization of corrupt labels, increases the robustness to
adversarial examples, and stabilizes the training of generative adversarial networks.

Zhang, H, Cisse, M, Dauphin, Y. N, & Lopez-Paz, D. (2017). mixup: Beyond empirical risk minimization. arXiv preprint arXiv:1710.09412.
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Mix-up formulation
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Az + (1 — M)z, where z;, z; are raw input vectors
Ayi + (1= N)yj, where y;, y; are one-hot label encodings
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Mix-up formulation

T=Mx; +(1—Naxj, where z;, x; are raw input vectors

y . A~Beta(a,
g = Ay + (1= N)y;, where y;, y; are one-hot label encodings eta(a, @)
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Mix-up formulation

T =Ar; + (1 - N, where z;, z; are raw input vectors
=My + (1= N)y;, where y;, y; are one-hot label encodings

A~Beta(a, a)
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Mix-up formulation

where x;, x; are raw input vectors
A~Beta(a, a)

T = )\xz + (1 - )\)Jﬁj,
=My + (1= N)y;, where y;, y; are one-hot label encodings
Xi x x]
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Decision Boundary Visualization Errors in CIFAR Datasets

Dataset Model ERM  mixup
ERM mixup PreAct ResNet-18 5.6 4.2
s - CIFAR-10  WideResNet-28-10 3.8 2.7
K ... Mg 2 DenseNet-BC-190 3.7 2.7
> ‘» ST s PreActResNet-18 256  21.1
< . < B o' A CIFAR-100 WideResNet-28-10 194  17.5
3 ¥, A DenseNet-BC-190  19.0  16.8

v . ,.“ ’ ."“ . ,." ’ (a) Test errors for the CIFAR experiments.

o -.' ‘ . e o.' ‘ .
% CIFAR-10 Test Error

— DerseNet-190 baseline

(b) Effect of mixup (¢« = 1) on a
toy problem. Green: Class 0. Or-
ange: Class 1. Blue shading indicates

15 —— DerseNet-190 mixup

p(y = 1|=).
05 50 100 150 200
epoch
(b) Test error evolution for the best
ERM and mixup models.
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Figure 4: Classification errors of ERM and mixup on the Google commands dataset.
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Model Method Validation set  Test set
ERM 9.8 10.3
LeNet mixup (a = 0.1) 10.1 10.8
mixup (o = 0.2) 10.2 11.3
ERM 5.0 4.6
VGG-11  mixup (o = 0.1) 4.0 3.8
mixup (o = 0.2) 3.9 34

Dataset ERM  mixup Dataset ERM  mixup
Abalone 74.0 73.6 Htru2 2.0 2.0
Arcene 57.6  48.0 Iris 21.3 17.3
Arrhythmia 56.6 46.3 Phishing  16.3 15.2
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Table 4: ERM and mixup classification errors on the UCI datasets.
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Effect of mixup on GAN training
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Original Example Adversarial Example

57.7% confidence 99.3% confidence

“Panda” “gibbon”

Goodfellow, I. J., Shlens, J., & Szegedy, C. (2014). Explaining and harnessing adversarial examples. arXiv preprint arXiv:1412.6572.
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Original Example

X sign(V,J(0,x,y)) x + esign(V,J(0,x,y))

Goodfellow, I. J., Shlens, J., & Szegedy, C. (2014). Explaining and harnessing adversarial examples. arXiv preprint arXiv:1412.6572.
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Metric Method FGSM [-FGSM Metric Method FGSM [-FGSM

Top-1 ERM 90.7 99.9 Top-1 ERM 57.0 57.3

P mixup 75.2 99.6 P mixup 46.0 40.9

Tob-5 ERM 63.1 93.4 Top-5 ERM 24.8 18.1

P> ixup 49.1 95.8 P2 ixup 17.4 11.8
(a) White box attacks. (b) Black box attacks.

Table 3: Classification errors of ERM and mixup models when tested on adversarial examples.
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On Mixup Training: Improved Calibration and

Predictive Uncertainty for Deep Neural Networks

Sunil Thulasidasan*'*?, Gopinath Chennupati', Jeff Bilmes”,
Tanmoy Bhattacharya', Sarah Michalak'

!'Los Alamos National Laboratory
2Department of Electrical and Computer Engineering, University of Washington

Abstract

Mixup [40] is a recently proposed method for training deep neural networks
where additional samples are generated during training by convexly combining
random pairs of images and their associated labels. While simple to implement,
it has been shown to be a surprisingly effective method of data augmentation
for image classification: DNNs trained with mixup show noticeable gains in
classification performance on a number of image classification benchmarks. In this
work, we discuss a hitherto untouched aspect of mixup training — the calibration
and predictive uncertainty of models trained with mixup. We find that DNNs
trained with mixup are significantly better calibrated — i.e., the predicted softmax
scores are much better indicators of the actual likelihood of a correct prediction -
than DNNs trained in the regular fashion. We conduct experiments on a number
of image classification architectures and datasets — including large-scale datasets
like ImageNet — and find this to be the case. Additionally, we find that merely
mixing features does not result in the same calibration benefit and that the label
smoothing in mixup training plays a significant role in improving calibration.
Finally, we also observe that mixup-trained DNNs are less prone to over-confident
predictions on out-of-distribution and random-noise data. We conclude that the
typical overconfidence seen in neural networks, even on in-distribution data is likely
a consequence of training with hard labels, suggesting that mixup be employed for
classification tasks where predictive uncertainty is a significant concern.
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Thulasidasan, S, Chennupati, G, Bilmes, J, Bhattacharya, T, & Michalak, S. (2019). On mixup training: Improved calibration and predictive uncertainty for deep
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VGG-16 ResNet-34 VGG-16 ResNet-18 ImageNet
distribution of confidence on OOD, noise samples out-of-category detection results
Predictions on Out-of-Distribution Images Predictions on Random Noise Images Method AUROC(II‘I/OUt)
— "m‘l’x’::‘“p STL-10/ STL-10/
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How DOES MixurP HELP WITH ROBUSTNESS AND

GENERALIZATION?
Linjun Zhang* Zhun Deng*
Rutgers University Harvard University
linjun.zhang@rutgers.edu zhundeng@qg.harvard.edu

Kenji Kawaguchi®
Harvard University
kkawaguchi@fas.harvard.edu

Amirata Ghorbani James Zou

Stanford University Stanford University

amiratag@stanford.edu jamesz@stanford.edu
ABSTRACT

Mixup is a popular data augmentation technique based on taking convex combina-
tions of pairs of examples and their labels. This simple technique has been shown
to substantially improve both the robustness and the generalization of the trained
model. However, it is not well-understood why such improvement occurs. In this
paper, we provide theoretical analysis to demonstrate how using Mixup in training
helps model robustness and generalization. For robustness, we show that minimiz-
ing the Mixup loss corresponds to approximately minimizing an upper bound of
the adversarial loss. This explains why models obtained by Mixup training ex-
hibits robustness to several kinds of adversarial attacks such as Fast Gradient Sign
Method (FGSM). For generalization, we prove that Mixup augmentation corre-
sponds to a specific type of data-adaptive regularization which reduces overfitting.
Our analysis provides new insights and a framework to understand Mixup.

Zhang, L, Deng, Z, Kawaguchi, K, Ghorbani, A, & Zou, J. (2020). How Does Mixup Help With Robustness and Generalization?. arXiv preprint arXiv:2010.04819.
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Manifold Mixup improves the hidden representations and decision boundaries of neural networks at |
I multiple layers. |

\-------------------------------------------J

More specifically, Manifold Mixup improves generalization in deep neural networks because it:

e [eads to smoother decision boundaries that are further away from the training data, at
multiple levels of representation. Smoothness and margin are well-established factors of
generalization (Bartlett & Shawe-taylor, 1998; Lee et al.| 1995).

e [everages interpolations in deeper hidden layers, which capture higher level information
(Zeiler & Fergus, 2013) to provide additional training signal.

e Flattens the class-representations, reducing their number of directions with significant
variance (Section [3). This can be seen as a form of compression, which is linked to
generalization by a well-established theory (Tishby & Zaslavsky, 2015; Shwartz-Ziv &
Tishby| 2017) and extensive experimentation (Alemi et al., 2017; Belghazi et al., 2018;
Goyal et al.|[2018;|Achille & Soatto| 2018).

Verma, V, Lamb, A, Beckham, C, Najafi, A, Mitliagkas, I, Lopez-Paz, D, & Bengio, Y. (2019, May). Manifold mixup: Better representations by interpolating hidden states. In Intemational

Conference on Machine Leaming (pp. 6438-6447). PMLR
Data Mining
I}&/E{EQ o.:‘l Quality Analytics 28
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baseline proposed
- robustness to
classification error .
adversarial examples
deCiSion PreActResNetl8 Test Error (%) Test NLL ' CIFAR-10 FGSM
boundary No Mixup 4.8340.066  0.190 = 0.003 No Mixup 36.32
AdaMix} 3.52 NA Input Mixup (o = 1) 71.51
4 Input Mixupf 420 NA Manifold Mixup (o = 2)  77.50
Input Mixup (o = 1) 3.824£0.048  0.186 % 0.004 PGD training (7-steps) 56.10
-1 P 15 Manifold Mixup (o = 2) ~ 2.95 4 0.046  0.137 = 0.003
PreActResNet34 CIFAR-100 FGSM
No Mixup 4.6440.072  0.200 = 0.002 Input Mixup (o = 1) 40.7
Input Mixup (o = 1) 2.88£0.043  0.176 % 0.002 Manifold Mixup (o = 2)  44.96
Manifold Mixup (« =2) 2,544 0.047 0.118 £ 0.002 SVHN FGSM
confidence Wide-Resnet-28-10 No Mixup 21.49
prediction No Mixup 30040118 0.162 £ 0.004 Input Mixup (o = 1) 56.98
Input Mixup (o = 1) 2.0240.088 0.173 = 0.001 Manifold Mixup (a =2)  65.91
Manifold Mixup (o = 2)  2.55+0.024  0.111 = 0.001 PGD training (7-steps){ 72.80
(a) CIFAR-10
KOREA Data Mining
UNIVERSITY o\‘. Quality Analytics 29
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Advanced Mix-up Algorithm
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»  CutMixe= Classification, Localization, Detection taskO| A &2
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Advanced Mix-up Algorithm
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Advanced Mix-up Algorithm
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»  CutMixe= Classification, Localization, Detection task| A 22 He= EO=CHD H|OF

X M@xi + (1 — M)@X]

y=Ayi+ (A —-1y; 4= =gare

Xi X;
1/1]1]0 0/0|0]1
130 0/0|0]1
11 1}0 ololols )
0{0|0]|0 10111 .
Vi [IIZ 0.0] 351[(;),1\14_3] y [0.56, 0.44]
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Advanced Mix-up Algorithm

¢ CutMix €12 AA
. Ogw

results on each task

CAM visualization
ResNet-50 Mixup [47] Cutout [3]

CutMix
mi\

Original

Samples
Image

Input
Image
o Dog 0.5 Dog 0.6
Label - Dog 1.0 g5 Cat 0.4
ImageNet 76.3 77.4 77.1 78.6 CAM for
Cls (%) (+0.0) (+1.1) (+0.8) (+2.3) ‘St. Bernard’
ImageNet 46.3 45.8 46.7 47.3
Loc (%) (+0.0) (-0.5) (+0.4) (+1.0)
CAM for
Pascal VOC 75.6 73.9 75.1 76.7 ‘Poodle’
Det (mAP) (+0.0) (-1.7) (-0.5) (+1.1)

Mixup Cutout CutMix

Data Mining
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y; [1.0, 0.0] y; 100, 1.0]
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Advanced Mix-up Algorithm

CHE Sl 25 Y92z HiNols 1FgoM =2 2act §EE5 =8

of2{et tAES 7Hdst| flet A7 22 2EoHA TA=D A

X x]
111{0]|0 O10 (1|1
111{0]|0 O(0(1(1
010|010 | e
0101010 Tl 1 1

yi [1.0, 0.0] y; (0.0, 1.0]
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Advanced Mix-up Algorithm

Xi Xj X
Jedleal< Q{0 O101[1]1
111010 o(0|1|1
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yi (1.0, 0.0] y; [0.0, 1.0] y [0.25, 0.75]
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Advanced Mix-up Algorithm
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Input Mixup Puzzle Mix (z only)
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S h Input image
Six patches with
highest response
Prediction Ground Truth

| - v LY
] ] Dos
C———1 C——1 Class#3
L L Class #4

Random image

Augmented
Image

CAM for
“Golden
Retriever”
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CAM for
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Cutmix SaliencyMix
KOREA 0.. Data Mining
UNIVERSITY Q\ Quality Analytics 38



Reference

+  Zhang, H, Cisse, M, Dauphin, Y. N, & Lopez-Paz, D. (2017). mixup: Beyond empirical risk minimization. arXiv preprint arXiv:171009412.
+  Goodfellow; I J, Shlens, J, & Szegedy, C. (2014). Explaining and hamessing adversarial examples. arXiv preprint arXiv;1412.6572.

* Thulasidasan, S, Chennupati, G, Bilmes, J, Bhattacharya, T, & Michalak, S. (2019). On mixup tranng: Jmproved ca braton and pred ct ve uncerta nty for deep neura networks, arXiv
preprint arXiv:1905.11001L

¢ Guo C Pess G Sun Y & Nenberger K Q (2017 Juy) On ca braton of modem neura networks, In Intemational Conference on Machine Leaming (pp. 1321-1330). PMLR.
+  Zhang, L, Deng, Z, Kawaguchi, K, Ghorbani, A, & Zovu, J. (2020). How Does Mixup Help With Robustness and Generalization?. arXiv preprint arXiv.2010.04819.
* Kim, S, Lee G, Bae, S, & Yun, S. Y. (2020). MixCo: Mix-up Contrastive Leaming for Visual Representation. arXiv preprint arXiv:2010.06300.

« XuM Znang )N B L T Nang C Tan Q &Zhang N (2020 Apr) Adversaria doman adaptaton « th doman mixup. In Proceedings of the AAAI Conference on Artificial
Intelligence (Vol. 34, No. 04, pp. 6502-6509).

+ Manifold mixup: Better representations by interpolating hidden states. In Intemational Conference on Machine Leaming (pp. 6438-6447). PMLR.

+  Cutmix Regu arizaton strategy to tran strong cass fers #'th oca zabe features. In Proceedings of the IEEE/CVF Intemational Conference on Computer Vision (pp. 6023-6032).
+  Chen, J, Yang, Z, & Yang, D. (2020). Mixtext Linguistically-informed interpolation of hidden space for semi-supervised text classification. arXiv preprint arXiv:2004.12239.

+  Animproved adventitious lung sound classification using non-local block resnet neural network with mixup data augmentation. In Proc. Interspeech (Vol. 2020, pp. 2902-2906).

« Km JH Choo N & Song H. O (2020 November). Puzze mx Expotng sa ency and oca stat'stcs for optma mixup. In Intemational Conference on Machine Leaming (pp. 5275-
5285). PMLR

+ Uddin, A E M, Monira, M, Shin, W, Chung, T, & Bae, S. H. (2020). Saliencymix A sa ency gu ded data augmentat on strategy for better requ anzaton. arXiv preprint arXiv.2006.01791.

+ Walawalkar, D, Shen, Z, Liu, Z, & Sawides, M. (2020). Attentive cutmix An ennanced data augmentat on approach for deep eamng based mage cass fcaton arXiv preprint
arXivi2003.13048.

KOREA ..:‘. Data Mining 39

UNIVERSITY Quality Analytics



Conclusion

» 4=
© BEO| ABis} M5 BAS I8 H0JE S| F Mixup
¢ CIYSH M 20N 2 45 BYS ol
© 0| Mix-up 212|152 X8 L M3 0f2] HRE0| R
> DH2 nEsl/ M Go|E A A/ CH2 ¢l Hofo Mg

> Manifold mixup / CutMix S 0{2{ 7§ M=l Mix-up & 12|Z0| AL el

Qo

- H20= =8

SHE{O1 O[8H2 S, CHeeh

« = MO|LE Soll Mix-upd| CHet ™

Data Mining

KQREA Quality Analytics

UNIVERSITY

40

N

HE 0|2 JHME Mix-up HTL7t Flghe|

Z212[Z0] CHol

o
AN OO

ole
N =)

g7t ZOF0f| 2EE|7|E 7|Th

M
=

=



