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I Data Augmentation

Data Augmentation is a widely used technique to alleviate
overfitting in training deep networks in the case of a small number of data sets.
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O Complicated
O High cost of time and computation

O Relying on large amounts of data



I ISDA

O Implicit Semantic Data Augmentation

This work is inspired by the observation that certain directions in the feature space correspond to
meaningful semantic transformations.

— Forward C) Deep Feature Space @V Deep Features ¢ Augmented Samples

N WY —
o o , |—Lu(W,b0O[%)

LIRS N

. ¥ \

; . ISDA Loss
. .\ .\\ '

Augment
Corresponding to Semantically

Figure 1: An overview of ISDA. Inspired by the observation that certain directions in the feature space kg
correspond to meaningful semantic transformations, we augment the training data semantically by Changing Changing Changing
translating their features along these semantic directions, without involving auxiliary deep networks. Color Background Visual Angla
The directions are obtained by sampling random vectors from a zero-mean normal distribution with

dynamically estimated class-conditional covariance matrices. In addition, instead of performing

augmentation explicitly, ISDA boils down to minimizing a closed-form upper-bound of the expected

cross-entropy loss on the augmented training set, which makes our method highly efficient.
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I ISDA 0 How to find meaningful semantic transformations?
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I ISDA

% Manually searching for semantic directions is infeasible for large scale problems.

O Online estimation of class-conditional covariance matrices.
Then randomly sample vectors from a zero-mean multivariate normal

distribution.
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Dynamic estimation of covariance matrices 2. Estimation of average values of
the features of j class sin t mini-

1. Estimation of average values of the features of j class at t step. batch.

\ ngt_1)u§t—1)+m§t) ;gt)

9)
(=D __
?lj -F'TTyj
t—1 -1 t t t—1 L t—1 t t—1 L
o alt=Dx-D | m(_)zf(_)Jrng )mf,-)(uﬁi ) Oy (Y )T o
(,—1)+m(f) =D 1 )2

/‘_ ", tl)' (11)

3.Total number of training
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I Novel Loss
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cross-entropy (CE) loss:
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I Algorithm

Algorithm 1 The ISDA Algorithm.

1: Input: D, A\
2: Randomly initialize W, b and ©
3: fort =0to 7 do

4:  Sample a mini-batch {x;,y; } 2, from D

5.  Compute a; = G(x;, O)

6: Estimate the covariance matrices >.1, 2.9,
ey 2O

7:  Compute L, according to Eq. (4)

8:  Update W, b, ® with SGD

9: end for

10: Output: W, b and ©®




I Experiments

Table 1: Evaluation of ISDA on CIFAR with different models. The average test error over the last 10
epochs is calculated in each experiment, and we report mean values and standard deviations in three

independent experiments. The best results are bold-faced.

Method Params CIFAR-10 CIFAR-100
ResNet-32 0.5M || 7.39 +0.10% | 31.20 + 0.41%
ResNet-32 + ISDA 0.5M | 7.09 +0.12% | 30.27 + 0.34%
ResNet-110 1.7M || 6.76 £ 0.34% | 28.67 + 0.44%
ResNet-110 + ISDA 1.7M || 6.33 £0.19% | 27.57 + 0.46%
SE-ResNet-110 1.7M || 6.14 +£0.17% | 27.30 + 0.03%
SE-ResNet-110 + ISDA 1.7M || 5.96 + 0.21% | 26.63 + 0.21%
Wide-ResNet-16-8 11.0M || 4254+0.18% | 20.24 +0.27%
Wide-ResNet-16-8 + ISDA 11.0M || 4.04 +0.29% | 1991 + 0.21%
Wide-ResNet-28-10 36.5M || 3.82 +£0.15% | 18.53 +0.07%
Wide-ResNet-28-10 + ISDA | 36.5M || 3.58 + 0.15% | 17.98 + 0.15%
ResNeXt-29, 8x64d 34.4M || 3.86 +0.14% | 18.16 +0.13%
ResNeXt-29, 8x64d + ISDA | 34.4M || 3.67 £ 0.12% | 17.43 + 0.25%
DenseNet-BC-100-12 0.8M | 4.90 £0.08% | 22.61 +0.10%
DenseNet-BC-100-12 + ISDA | 0.8M || 4.54 + 0.07% | 22.10 + 0.34%
DenseNet-BC-190-40 25.6M 3.52% 17.74%
DenseNet-BC-190-40 + ISDA | 25.6M 3.24% 17.42%




Experiments

Table 2: Evaluation of ISDA with state-of-the-art non-semantic augmentation techniques. ‘AA’

refers to AutoAugment [32]. We report mean values and standard deviations in three independent
experiments. The best results are bold-faced.

Dataset Networks Cutout Cutout + ISDA ||  AA AA + ISDA
Wide-ResNet-28-10 2.99 +0.06% 2.83+0.04% |[2.65 =+ 0.07% | 2.56 + 0.01%
CIFAR-10 | Shake-Shake (26, 2x32d) 3.16 £0.09% 2.93 +0.03% |[2.89 £ 0.09% | 2.68 & 0.12%
Shake-Shake (26, 2x112d) 2.36% 2.25% 2.01% 1.82%
Wide-ResNet-28-10 18.05 £+ 0.25% 17.02 + 0.11% ([16.60 + 0.40%|15.62 + 0.32%
CIFAR-100| Shake-Shake (26, 2x32d) 18.92 + 0.21% 18.17 + 0.08 % ||17.50 + 0.19%17.21 + 0.33%
Shake-Shake (26, 2x112d) 17.34 + 0.28% 16.24 + 0.20 % ||15.21 4+ 0.20%|13.87 + 0.26%
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Figure 2: Curves of test errors on CIFAR-100
with Wide-ResNet (WRN).
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I Experiments

Table 3: Comparisons with the state-of-the-art methods. We report mean values and standard
deviations of the test error in three independent experiments. Best results are bold-faced.

Method ResNet-110 Wide-ResNet-28-10
CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100
Large Margin [18] 6.46+0.20% 28.00+0.09% 3.6940.10% 18.484+0.05%
Disturb Label 6.614+0.04% 28.46+0.32% 3.91+0.10% 18.56+0.22%
Focal Loss [17] 6.68+0.22% 28.2840.32% 3.6240.07% 18.224+0.08%
Center Loss 6.38+0.20% 27.8540.10% 3.764+0.05% 18.50+0.25%
L, Loss 6.69+0.07% 28.784+0.35% 3.7840.08% 18.434+0.37%
WGAN [39] 6.63+0.23% - 3.814+0.08% -
For generator-based semantic]| CGAN 6.56+0.14% 28.2540.36% 3.8440.07% 18.794+0.08%
Ausmenta o meteds ACGAN 6.324+0.12% 28.48+0.44% 3.814+0.11% 18.54+0.05%
infoGAN 6.59+0.12% 27.64+0.14% 3.814+0.05% 18.444+0.10%
Basic 6.76+0.34% 28.67+0.44% - -
Basic + Dropout 6.23+0.11% 27.11+0.06% 3.82+0.15% 18.53+0.07%
ISDA 6.33+0.19% 27.57+0.46% - -
ISDA + Dropout 5.98+0.20% 26.35+0.30% 3.58+0.15% 17.98+0.15%

Wide-ResNet-28-10 and ResNeXt-29, 8x64d, our method outperforms the competitive baselines by
nearly 0.7%. Compared to ResNets, DenseNets generally suffer less from overfitting due to their
architecture design, thus appear to benefit less from our algorithm.



I Experiments

Table 4: Evaluation of ISDA on ImageNet.

Method Top-1 Top-5
ResNet-50 23.58% | 6.92%
ResNet-50 + ISDA 2330% | 6.82%
ResNet-152 [4] 21.65% | 6.01%
ResNet-152 + ISDA 21.20% | 5.67%
ResNeXt-50, 32x4d 242% | 6.42%
ResNeXt-50, 32x4d + ISDA | 21.88% | 6.23%
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Figure 3: Training and test errors on ImageNet.



I Experiments

Table 5: The ablation study for ISDA.

Setting CIFAR-10 CIFAR-100

Basic 3.82+0.15% 18.58+0.10%
Identity matrix 3.63+0.12% 18.53+0.02%
Diagonal matrix 3.70x0.15% 18.23+0.02%
Single covariance matrix | 3.67+0.07% 18.2940.13%
Constant \g 3.69+0.08% 18.33+0.16%
ISDA 3.584+0.15% | 17.98+0.15%




Experiments

Visualization Results

Randomly Generated
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Fig. 7. Visualization of the semantically augmented images on ImageNet. ISDA is able to alter the semantics of images that are unrelated 10 ine wiass
identity, like backgrounds, actions of animals, visual angles, etc. We also present the randomly generated images of the same class.
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