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Preamble

* Learning a deep model
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Preamble

* Mixup (Zhang et al. 2018) in Deep Learning

~

S ={x;,y;}\=, = Classifier,
where
Xp=Ax;+ (1 —Dx;,y; = Ay; + (1 — 1)y;, A~Beta(a, B)€[0,1].

[0.0, 1.0] [0.5,0.5]




Preamble

* Mixup Improves Generalization and Robustness (Zhang et al. 2021)
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(a) Robustness (Lamb et al. 2019) (b) Generalization (Guo et al. 2019)
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Mixup  ManifoldMix
2018 2019

Heuristic random

Static Linear mixing methods
CutMix  GridMix Low mixing precision.
2019 2021 ...
Patch

Mixup policies
StyleMix ~ MoEx

2021 2021 ...
, Statisics Offline optimization
Dynamic PuzzleMix SuperMix mixing methods
2020 2021 ... High complexity.

Saliency
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* Label Mismatch (CutMix etc.)

There is a mismatching between mixed samples and labels.
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« High Complexity (PuzzleMix etc.)

Salienc Before Transport After Transport
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 How to balance precise mixing polices and complexity?

78.0 MixUp CutMix PuzzleMix
Y AutoMix |
o
XX 77.8 ,
N’
B SuperMix
S 776 CoMix@® @
= @
Q PuzzleMi
:ﬂ) 774 | @ ResizeMix T
T FMix  @AttentiveMix
8“ 77.2 Q‘CutMix _
~ 8 QAugMix
77.0 | MixUp
30 40 50 60 70

Training Time (hours/100ep)

Solve the mixup problem in an end-to-end manner.
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« Standard cross-entropy (CE) training

lep(fo(r),y) = —ylog fo(x).

« Standard mixup CE (MCE) training
Urvice = Mcee(fo(Tmiz) yi) + (1 = MNlep(fo(Tmiz), Yj)-

* Mixup reformulation

%}ig (vicE (f@ (|h¢(fl?z', Tj, A)) , g(yz, C'Ugw A)) :

Sample mixing Label mixing

Parameterize mixup function h as ¢ and optimize online with encoder f,.
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 How to capture the pixel-level pair-wise relationships?

« Take deep feature Z as input. S;
T Upsampling
_ l l o
he(Tiy 2, A) = Mg(2; 1, 2j1-2) © T S’Z“d
l l »(X)« P HW x HW
+ (1 — qu(zi,xa Zj,1—,\)) ©xy, Q
Softmazx
. . ClrxHxW ‘é‘
 Cross-attention mechanism. 1x HW | W, Wp Wp

- l Conv(1 x 1) | |{Conv(l x1)| |Conv(1 x 1)
(WP zz’,)\) ® Wp zj,l—)\) 1 T(C+1)><H><WT

C(zk a2k 1 3) Cat(Z,\)  Cat(Z;,1— )

P(z 5, z;,l_)\) = softmax(




AutoMix: Momentum Pipeline

« How to stabilize this bi-level optimization?

Training Data

Feature Map
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Mixed Training Data
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 Results

Image A Image B Initialization Epoch 2 Epoch 5 Epoch 20 End of training




Experiments

« Small-scale Datasets
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CIFAR-10 CIFAR-100 Tiny-ImageNet
Method R-18 RX-50| R-18 RX-50 WRN-28-8| R-18 RX-50
Vanilla 95.50 96.23 | 78.04 &81.09 81.63 61.68 65.04
MixUp 96.62 97.30 | 79.12 82.10 82.82 63.86 66.36
CutMix 96.68 97.01 | 78.17 81.67 84.45 65.53 66.47
ManifoldMix| 96.71 97.33 | 80.35 82.88 83.24 64.15 67.30
SaliencyMix | 96.53 97.18 | 79.12 81.53 84.35 64.60 66.55
FMix™ 96.58 96.76 | 79.69 81.90 84.21 63.47 65.08
PuzzleMix | 97.10 97.27 | 81.13 82.85 85.02 65.81 67.83
Co-Mixup 97.15 97.32 | 81.17 82.91 85.05 65.92 68.02
ResizeMix™ | 96.76 97.21 | 80.01 &81.82 84.87 63.74 65.87
AutoMix |97.34 97.65|82.04 83.64 85.18 (67.33 70.72
Gain +0.19 +0.32|4+0.87 +0.76 +0.13 |+1.41 +2.70

& A

WESTLAKE UNIVERSITY
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* ImageNet
PyTorch 100 epochs PyTorch 300 epochs
Methods R-18 R-34 R-50 R-101 RX-101| R-18 R-34 R-50 R-101
Vanilla 70.04 73.85 76.83 78.18 7871 | 71.83 75.29 77.35 7891
MixUp 69.98 73.97 77.12 78.97 79.98 | 71.72 75.73 78.44 80.60
CutMix 68.95 73.58 77.17 78.96 80.42 | 71.01 75.16 78.69 &80.59

ManifoldMix| 69.98 73.98 77.01 79.02 79.93 | 71.73 75.44 78.21 80.64
SaliencyMix | 69.16 73.56 77.14 79.32 80.27 | 70.21 75.01 78.46 80.45
FMix* 69.96 74.08 77.19 79.09 80.06 | 70.30 75.12 7851 &0.20
PuzzleMix 70.12 74.26 T77.54 79.43 80.53 | 71.64 75.84 78.86 &0.67
ResizeMix® | 69.50 73.88 77.42 79.27 80.55 | 71.32 75.64 7891 80.52
AutoMix |[70.50 74.52 77.91 79.87 80.89 |72.05 76.10 79.25 80.98
Gain +0.38 +0.26 +0.37 +0.44 +0.34 |+0.22 4-0.26 +0.34 +0.31
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* Fine-grained classification

CUB-200 [|FGVC-Aircraft iNat2017 iNat2018 Place205
Method R-18 RX-50| R-18 RX-50| R-50 RX-101| R-50 RX-101| R-18 R-50
Vanilla 77.68 83.01 | 80.23 &85.10 | 60.23 63.70 | 62.53 66.94 | 59.63 63.10
MixUp 78.39 84.58 | 79.52 85.18 | 61.22 66.27 | 62.69 67.56 | 59.33 63.01
CutMix 78.40 85.68 | 78.84 84.55 | 62.34 67.59 | 63.91 69.75 | 59.21 63.75

ManifoldMix| 79.76 86.38 | 80.68 86.60 | 61.47 66.08 | 63.46 69.30 | 59.46 63.23
SaliencyMix | 77.95 83.29 | 80.02 84.31 | 62.51 67.20 | 64.27 70.01 | 59.50 63.33
FMix™ 77.28 84.06 | 79.36 86.23 | 61.90 66.64 | 63.71 69.46 | 59.51 63.63
PuzzleMix 78.63 &84.51 | 80.76 86.23 | 62.66 67.72 | 64.36 70.12 | 59.62 63.91
ResizeMix™ | 78.50 84.77 | 78.10 84.08 | 62.29 66.82 | 64.12 69.30 | 59.66 63.88
AutoMix |[79.87 86.56|81.37 86.72 |63.08 68.03 |64.73 70.49 |59.74 64.06

Gain +0.11 +0.18|+0.61 +0.12|+0.42 +0.31|+0.37 +0.37 |+0.08 +0.15
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e Calibration

Vanilla ManifoldMix CutMix FMix PuzzleMix AutoMix
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 Weakly supervised object localization

Backbone Vanilla Mixup CutMix FMix® PuzzleMix Co-Mixup Ours
R-18 49.91 48.62 51.85 50.30  53.95 54.13 54.46
RX-50 53.38 50.27 57.16 59.80  59.34 59.76 61.05
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* Robustness and transfer learning

Clean Corruption FGSM VOC COCO

Acc(%)t Acc(%)t Error(%), Methods |mAP|/mAP AP APz
Vanilla 80.24 51.71 63.92 Vanilla 81.0|38.1 59.1 41.8
MixUp 82.44 58.10 56.60 Mixup 80.7|137.9 59.0 41.7
CutMix 81.09 49.32 76.84 CutMix 81.9|38.2 59.3 42.0
AugMix 81.18 66.54 55.59 PuzzleMix| 81.9 | 38.3 59.3 42.1
PuzzleMix| 82.76 57.82 63.71 ResizeMix | 82.1 | 38.4 59.4 42.1
AutoMix| 83.13 58.35 55.34 AutoMix|82.4|38.6 59.5 42.2

Robustness Transfer Learning
(object detection)
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* Ablation Study
 Are the modules in Mix Block effective?

« How many gains can Mix Block bring without EMA and CE?
* |Is AutoMix robust to hyperparameters?

. R-18 RX-50
Tiny-ImageNet Acc(%) Params Time|Acc(%) Params Time |  ImageNet-lk
I(n"dc‘lﬂe T o8 -5) Mixup| 63.86 1127 20 | 66.36 2338 113 |[MixUp CutMix M,
random grids) | 0=. ' L, | 67.30 11.38 67 | 70.70 23.80 413 |998 68.95 70.04
Lcross attention| 66.87 69.76 - - 70.41
© embedding |67.15 70.41 lo | 67.27 11.39 41 | 70.43 23.86 252 |4 o0 o'y
o 67.33 7072 I3 | 67.33 1144 34 |70.72 2484 196 | 010 70.04 7050
l, | 67.32 11.64 28 | 70.67 27.99 174
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Harnessing Hard Mixed Samples with Decoupled
Regularizer

Zicheng Liu'-2, Siyuan Li'2, Ge Wang'2, Chen Tan'-2, Lirong Wu'.2 |
and Stan Z. Li?

1Zhejiang University, 2Al Lab, Westlake University,

Paper: https://arxiv.org/abs/2203.10761
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« Hard Mixed Samples (CutMix etc.)

(1.0 Panda) (1.0 Squirrel) (0.3 Squirrel 0.7 Panda) (0.7 Squirrel 0.3 Panda)

Hard Mixed Sample for Squirrel Hard Mixed Sample for Panda

There is a semantic mismatching between mixed samples and labels.
We hope to improve the prediction confidence in these cases.




Preliminary

* Mixed Cross-Entropy Underutilizes Mixup

(Vz(a’b) LMCE)Z — <

o}'é.‘

3° " *NEURAL
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'fy PROCESSING

) s ¢ SYSTEMS

\.,

( eXP(zfa,b)) .
_)\ + Ec exp(z?a’b))? 1 =qQ
1 exp(zza,b)) -
=N+ sty =0
exp(zza,b)) )
\ Zc exp(z(ca’b)) ’ ¢ ?é 4, b

The confidence of mixed classes is forced to be related to A.

Could we preserve the smoothness and achieve more confidence?
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Decoupled regularizer 3 "*NEURAL
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+ Softmax Degrades Confidence in Mixup (winner takes all). ° ¢®SYSTEMS

exp(z'(ia b))
O'(Z b )z — ’ .
(a,b) Zc eXp(Z(ca,b))
* Decoupled Softmax (remove the competitor).
eXP(2{a,5))

¢(Z a,b )Z’J — . .
(a,0) e\Xp%bQ + Zc;éj eXp(z(a,b))

* The Mixup with Decoupled Regulerizer.

LpmcE) = — ( y@,w log(U(z(a,b) ) +n y[q;,b] 10g(¢(z(a,b) ))y[a,b] ) :

N

LycE Lpm
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* Reliable connection to augment data. ) ¢®SYSTEMS

Tap) = Aa + (1 = Nup;  J(ap) = AWa + (1 = A)vp.
Notice: u; is unlabeled data and 1 is fixed less than 0.5.
* The Decoupled Mixup.
EDM = yff log (¢(z(a,b)))yb7
Notice: we only retained the labeled part.

Fully utilize labeled data by applying our decoupled mechanism.
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« Make What Should be Certain More Certain. ®09°SYSTEMS
« The model trained with decoupled mixup mostly doubled the top-2 mixup accuracy.

 Enhance the Training Efficiency.
« Boosting performance without extra computation.
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Supervised Learning
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Datasets CIFAR-100 Tiny-ImageNet
R-18 RX-50 WRN-28-8 R-18 RX-50

Methods MCE DM(CE) | MCE DM(CE) | MCE DM(CE) | MCE DM(CE) | MCE DM(CE)

Mixup 79.12  80.44 | 8210 8296 | 8282 8351 | 6386 6507 | 6636  67.70

CutMix 78.17 7939 | 81.67 8239 | 8445 84.88 | 6553 6645 | 6647  67.46

ManifoldMix | 80.35 81.05 82.88 83.15 83.24 83.72 64.15 65.45 67.30 68.48

FMix 79.69 80.12 81.90 82.74 84.21 84.47 63.47 65.34 65.08 66.96

ResizeMix 80.01 80.26 81.82 82.96 84.87 84.72 63.74 64.33 65.87 68.56

Avg. Gain +0.78 +0.77 +0.34 +1.18 +1.62

Benchmarking on toy datasets
R-18 R-34 R-50 DeiT-S Swin-T
Methods MCE DM(CE) | MCE DM(CE) | MCE DM(CE) Methods | MCE DM(CE) | MCE DM(CE)
Vanilla 70.04 - 73.85 - 76.83 . -
Mixup 69.98 7020 |73.97 7426 |77.12 7141 . L e L L
: Mixup 79.65 80.04 [80.71 80.97

CutMix 68.95 6926 |73.58 73.88 |77.07 177.32 gy Z0i7n  $000 |S088 105
ManifoldMix | 69.98 70.33 |73.98 7425 |77.01 77.30 utViix ' : ' y
FMix 69.96 7026 |74.08 7434 |77.19 77.38 FMix 7941 79.89 18037 80.54
ResizeMix | 69.50 69.90 |73.88 74.00 |77.42 77.65 ResizeMix | 79.93 80.03 8094 81.01
Avg. Gain +0.32 +0.24 +0.25 Avg. Gain +0.39 +0.19

ConvNets on ImageNet

ViTs on ImageNet



Semi-supervised Learning
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CIFAR-10 CIFAR-100 e Ablation Stu )’
Methods Losses 250 4000 400 2500 10000
Pseudo-Labeling CE 53.514+220 84.92+0.19(12.554085 42.26+0.28 63.45+0.24
MixMatch CE+Con 86.370.5 9334026 |32.412066 60.24048 72.22:4029 glethOds. 15% 30% 0% 100%
. elf-Tuning 57.82 69.12 73.59 75.08
ReMixMatch CE+Con+Rot  [93.70+0.05 95.16+0.01 | 57.15+1.05 73.87+035 79.08+0.27 +MCE 6336 7281 7573 76.67
MixMatch+DM CE+Con+DM |89.16+0.71 95.15+0.68|35.72+053 62.51+037 74.7040.28 ) : ) )
UDA CE+Con 9484006 95.712007|53.61x150 72274021 77.510023 ~ TMCE+AS(A = 0.5) 59.04  69.67 74.89 75.96
FixMatch CE+Con 95.14-005 95.79-t0.08 |53.58=082 71.97+016 77.80+012 ~ +tMCE+AS(A < 0.5) 62.97 7246 7540 7634
FlexMatch CE+Con+CPL |95.02+009 95.81+0.01|60.06+1.62 73.51+020 78.10+0.15 +DM(CE)+AS(A < 0.5) | 66.17 74.25 77.68 78.52
FixMatch+Mixup CE+Con+MCE |95.05+0.23 95.8340.19|50.61+0.73 72.1640.18 78.75+0.14
FixMatch+DM CE+Con+DM |95.23+0.09 95.87+0.11|59.75+095 74.12+0.23 79.58+0.17 Components are effective.
Average Gain +1.44 +0.95 +4.74 +2.30 +2.13
Training from scratch. DHLCE)
CUB-200 FGVC-Aircraft Stanford-Cars —
Methods 15% 30% 50% 15% 30% 50% 15% 30% 50% D
Fine-Tuning [45.25+0.12 59.68+0.21 70.12+0.29 | 39.57+0.20 57.46+0.12 67.93+0.28 |36.77+0.12 60.63+0.18 75.10+0.21 e
+DM 50.04+0.17 61.39+0.24 71.87+0.23 |43.15+0.22 61.02+0.15 70.38+0.18 |41.30+0.16 62.65+0.21 77.19+0.19 S
BSS 47.7440.23 63.38+0.29 72.56+0.17|40.41+0.12 59.23+0.31 69.19+0.13 |40.57+0.12 64.13+0.18 76.78+0.21 —
Co-Tuning |52.58+0.53 66.47+0.17 74.64+0.36 | 44.09+0.67 61.65+0.32 72.73+0.08 |46.02+0.18 69.09+0.10 80.66+0.25 o, = MixUp
+DM 54.96+0.65 68.25+0.21 75.72+0.37 | 49.27+0.83 65.60+0.41 74.89+0.17|51.78+0.34 74.15+0.29 83.02+0.26 S 73.0 CutMix
Self-Tuning |64.17+0.47 75.13+0.35 80.22+0.36 | 64.11+0.32 76.03+0.25 81.22+0.29 | 72.50+0.45 83.58+0.28 88.11+0.29 - /'i‘:iz';:‘)"('x
+Mixup 62.38+0.32 74.65+0.24 81.46+0.27|59.38+0.31 74.65+0.26 81.46+0.27|70.31+0.27 83.63+0.23 88.66+0.21 .
+DM 73.06+0.38 79.50+0.35 82.64-+0.24 |67.57+0.27 80.71+0.25 84.82+0.26 | 81.69+0.23 89.22+0.21 91.26+0.19 ' , . o o1 001
Avg. Gain | +5.95 +2.77 +1.34 | +5.65 +4.52 +2.65 | +7.22 +4.22 +2.35 n value
Fine-tuning. DM is robust to hyper-parameters
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Thank you!

Code: OpenMixup Awesome-Mixup Homepage

8 lisiyuan@westlake.edu.cn



