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Introduction - Dataset

KAIST-NAVER product 200K Class 265
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Introduction - Base model

- Entropy Minimization + Consistency Regularization + Mix Up
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How to maximize “MixMatch™s performance?



Our Methods

1. RandAugmentation
2. Pseudo-labeling
3. Reinforced Mix-up

4. Consistency Regularization



RandAugmentation

Previous augmentation techniques use learned augmentation policies which has big
parameter space.

RandAugment use uniform probability between techniques and set of magnitude

parameters. ’ s
But training magnitude parameters follows a similar  _ ° s
A
. . . . E B conleast
schedule during training and postulate that a single ¢
2 N 2k .
global distortion M may suffice for parameterizing all g o o

transformations.



1. RandAugmentation

_ RandAugmentMC(Z,'] O) class :ﬁismj;‘u.gvewt“i(object):

def _ _init_ (self, n, m):
assert n >=
- Two random augmentations R T e

self.m =m

- Maximum strength of 10 was given self.augment_pool = fixmatch_augment_pool()

def _ call_ (self, img):
ops = random.choices(self.augment_pool, k=self.n)
for op, max_v, bias in ops:
v = np.random.randint(1l, self.m)

if random.random() < ©.5:

Original Color(0.45) Rotate(15°)

img = op(im v=v, max_v=max_v, bias=bias
Image g p(img, > & _V, )

img = CutoutAbs(img, 16)

return img



1. Data Augmentation Pipeline
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2. Pseudo-Labeling

- Instead of sharpening

- Make Pseudo label of weakly-augmented
one

- Use this pseudo label as a label for strong

augmented data.
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3. Reinforced Mix Up

A~

2 = Azi+(1-A)zj,
g = Ayi+(1- Ny,

where A € [0,1] is a random number

Image

Pseudo Label
from weak-augmented

Label




4. Consistency

Threshold : 0.95

Regularization

=> Very confident! from weak augmentation [~~~ "~ create label only if:
- \l(max( )>=1)
Dog Cat
Up A
Dog Cat Dog Cat
Unlabeled Strong :
i Predicted Pseudo-label
Image Augmentation 3 ;

Cross-Entropy Loss(H)



4. Consistency Regularization

Loss = L, + lambda,, * L,
L, = crossEntropy(pred,, label,)
L, = crossEntropy(pred,, label,) * mask

!

threshold masking



Experiment

- Architecture
- Resnet18 / EfficientNet

- Training
- random augmentation(crop, brightness, color, rotate, shear, ...)

- smaller lambda_u for train beginning efficiency



R e S u I tS train/loss/acc
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+ EfficientNet
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Best top1 acc

Best top5 acc

Baseline(Res18) 56.42 78.98
RandAugment(Res18) 63.56 83.32
Reinforced mix-up(Res18) 63.44 83.69
Pseudo-label&Mask(Res18) 64.69 83.52
RandAugment 68.19 85.2

With no Mix-up(Efficient)
RandAugment 69.62 86.84

With reinforced Mix-up(Efficient)




Conclusion

- Dividing it into strongly augmented one and weakly augmented one
through Randaugment, and achieved model’s performance improvement.

- Pseudo-labeling of unlabeled data was done in a situation where the
threshold was higher than 0.95, so the only highly confident data was used.

- Subsequent improvements will be made by fine-tuning the hyper
parameters and increasing the precision of the loss calculation.



