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The Effect of Image Data Augmentation in Minimum Loss-based
Dynamic Re-Batch
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Abstract

To overcome the computational complexity of existing data selection and augmentation methods, this paper
proposes a new training pipeline that combines a single-loss-metric-based dynamic re-Batch technique with image data
augmentation. By distributing samples with low loss values at regular intervals across the training dataset to enhance
training stability, securing data diversity through augmentation, it simultaneously takes advantage of the two strategies.
Experiments on the CIFAR-10 dataset demonstrate that using only 75% of the total training data, with just 8% of it
augmented, achieves higher accuracy than conventional training using 100% of the data without augmentation. These
results show that the stabilizing effect of re-Batch and the data diversity provided by augmentation work

synergistically to achieve excellent performance even in conditions under scarce training data.
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Algorithm

1. algorithm of augmentation using dynamic re—Bafch
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Input  Trainind dataset D of size A Model ©, Total ecpohs £ re-Batch ratio 7 e Augmentation ratio r aug

Output  Trained model 6
1: Calculate re-Batch samples count A and augmentation samples count A/
2 initialize sample indices /_frain
3 for epoch=1 to £
4 /| step1 : Training
5: Set model to Train mode
6: Randomly select a subset of indices / aug of size M from / frain
7: for batch in dataloader(D, / frain):
8: for each sample in batch:
9 if sample index /is in [ aug
10: sample = ApplyAugmentation(sarmp/e
11 Forward pass, compute loss, backward pass and update ©
12: //step2 : Dynamic re-Batching for next epoch
13 Set model to Eval mode
14: initialize an emplty list Loss List
15: for each sample in Or
16: Calculate Loss
17: Append (sample index, Los9 to Loss List
18: /step3 : Update re-Batch target
19: Sort Loss List in ascending odrder based on Loss
20: [ best = Extract indices of top-K sample from Loss List
21: /= IN/KJ/
22: [ train = MergeWithinterval(/ best interval = j
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Table 1. Experiment result accuracy(%)
Augment No re-Batch | re-Batch | re-Batch
select ratio| re-Batch 0.005 0.03 0.08
0 87.48 86.63 86.15 84.59

0.03 88.05 88.44 87.88 86.47

0.08 88.81 89.77 89.65 88.26

0.15 89.53 91.18 91.01 89.81
03 91.35 92.79 92.61 91.4
05 93.04 93.69 93.55 92.96
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Table 2. Experiment result sample standard deviation

Augment No re-Batch | re-Batch | re-Batch
select ratio| re-Batch 0.005 0.03 0.08
0 0.225 0217 0.244 0.337

0.03 0.169 0.288 0216 0.347
0.08 0.093 0.175 0.322 0414

0.15 0.262 0.1 0.17 027
03 0.231 0.192 0.194 0.317
05 0.171 0.15%4 0.141 0.222
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