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Abstract

Existing feature extraction and sampling methods for improving the learning efficiency and performance of artificial
neural networks rely on domain-specific heuristics or complex algorithms, which limits their generalizability. We
propose a dynamic re-Batch strategy that selects a certain proportion of samples with easy or difficult learning based
on loss values, dynamically redistributing them in the training dataset for each training epoch. Results showed that
the minimum loss dynamic re-Batch is generally stable and improves performance in classification and some
regression problems. In contrast, the maximum loss dynamic re-Batch caused learning instability and performance
degradation in most cases, suggesting that difficult samples may be noise or outliers. The effectiveness of this
strategy has been confirmed by the importance of finding the optimal redistribution ratio depending on the dataset.
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Table 1. Summary of differences with existing methodologies

Methodology  Key concept

Differences

Curriculum  Learn from
learning  easy sample

Use a single metric called
loss value without complex
heuristics

Using a simple redistribution
mechanism without a
separate complex sampling
process

Redistributing samples at
regular intervals without
weighting

Hard Focus on
example difficult
mining samples
Assigning
TSW We|ghts
according to
losses
Loss-based
Breed samp|.| ng
density
adjustment

Redistribution only with the
redistribution ratio without
balance control value
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ID CNN Edo A&st7] fd AAg 34,
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2 QAE FAHL

PyTorch ZHYYAE o]&st] FH}HOH,
tole] 20 Ho|HAEANA HiXE FA35t 2
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shuffle=True®} Z2 F4-e B3 tlolEle &AME
AGSARL o] £AE FHOE 75‘0}% =343
A AZe7 Bdeth sy
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2%  IntervallnsertionSampler®] &2 A& 7]

il
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tra|n data sample
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indices of train data set

loss_set_indices

| l ] ] l
I

indices of train data set

38 1. X re-Batchel MZ ME2ul 24 ofA| o[o|X]|
Fig. 1. Example image of the process of repositioning
data samples for re-Batch strategy
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Table 2. Pseudocode for the loss-based dynamic re-Batch prooedure of the base trainer

Input:  Training dataset ‘train_dataset’, batch training data loader ‘train_loader, sample data loader for batch

‘sample_loader’, ‘min-loss’ or ‘max-loss’ strateay.

Qutput:  The model has beed trained. ‘model’
for epoch from 1 to ‘num_epochs’:

/| Batch training stage
for each batch in ‘train_loader

—_

Performing model training and error backpropagation in batch.

for each ‘sample’ in ‘sample_loader"

all_losses_indices = Calculate the loss and index of the sample.

3
4
5:
6: /| Loss-based sample selection stage.
7
8
9

if strategy is ‘min-loss’

‘sorted_indices = Sort the index in ascending order based on the sample loss.

else ‘max-loss’:

‘sorted_indices” = Sort the index in descending order based on the sample loss.

Reconstruct ‘train_loader’ and ‘sample_loader” using ‘intervallnsertionSampler’ and ‘loss_set_indices’ for

the next epoch.

10
"
12
13: ‘loss_set_indices’ = Select only the top index set from the batch size in ‘sorted_indices’
14:
15
16

Evaluate the model using a validation dataset.

return ‘model
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Table 3. Neural network structure according to the dataset

Data_set | Block Layer Parameter Value
out_channels
convid kernel size
1 stride
kernel size
stride
in_channels
out_channels
kernel size
stride
kernel size
stride
out_channels
convid kernel size
1 stride
. kernel size
maxPooling Stride
PDC in_channels
out_channels
kernel size
stride
kernel size
stride
out_channels
convid kernel size
1 stride
kernel size
stride
in_channels
out_channels
kernel size
stride
kernel size
stride
out_channels
convid kernel size
1 stride
kernel size
stride
CHP in_channels
out channels
kernel size
stride
kernel size
stride

maxPooling

PID,
CCFD

convld

maxPooling

convld

maxPooling

maxPooling
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Table 4. Comparison of performance(Left), loss areas(right) for PID

Type Ratio A P R F1 Type Ratio Loss type | Loss area
0.03 0.70 0.56 059 0.58 003 train 1.26
no 0.08 0.70 0.57 0.56 0.56 ' val 275
re-Batch 0.15 0.71 0.57 0.6 0.58 . 0.08 train 4.37
03 0.71 0.57 0.6 0.58 min-loss ' val -20.19
, 0.03 0.69 0.55 055 0.55 re-Ratch 015 train 7.21
min-loss 0.08 0.71 0.57 0.61 0.59 : val -59.88
re-Batch 0.15 0.72 0.57 0.64 0.60 03 train 16.31
03 0.71 0.58 059 0.58 ) val -60.43
train 14
0.03 0.69 0.55 0.55 0.55 0.03 val 7407
train 1.27
mexoss 0.08 0.71 0.57 0.61 059 mexoss 0.08 val 731
re-Batch re-Batch train 2257
0.15 0.72 0.57 0.64 0.60 0.15 val 4318
train -36.89
0.3 0.71 0.58 059 0.58 0.3 val 208
train 273
0.03 0.69 0.54 0.54 0.54 0.03 vl 4340
008 | 070 | 05 | 057 | 057 008 tain 2
TSW TSW va :
015 | 069 | 05 | 053 | 054 0.15 frain ~1483
: : : : : : val 36.8
train -157.3
0.3 0.72 0.58 0.60 059 0.3 val 111

* At Accuracy, P @ Precision, R : Recall, F1 : F1-Score
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Table 5. Comparison of performance(Left), loss areas(Right) for CCFD

Type Ratio A P R F1 Type Ratio Loss type | Loss area
0.03 0.95 0.88 0.83 0.85 003 train -0.17
no 0.08 0.95 0.91 0.83 0.87 : val -0.22
re-Batch 0.15 0.96 093 0.82 0.87 . 0,08 train -0.12
0.3 0.95 093 0.81 0.87 min-loss : val -0.08
. 0.03 0.95 0.94 0.81 0.87 re-Batch 015 train 0.19
min-loss 0.08 0.96 0.94 0.82 0.88 : val -0.13
re-Batch 0.15 0.96 093 0.83 0.88 03 train 0.45
0.3 0.96 0.94 0.82 0.88 : val -0.04
0.03 0.95 0.91 0.83 0.87 . val 111
0,08 train -3.83
max-loss 008 095 | 093 082 087 | maxloss : val -1.23
re-Batch re-Batch 015 train -1.23
0.15 095 092 0.83 0.87 ) val 215
03 train -12.91
0.3 0.95 092 0.81 0.86 - val 390
train -23
0.03 0.95 092 0.83 0.87 0.03 va 43
008 095 | 090 083 086 0.08 t{/aa'”“ j??
TSW TSW train 38
0.15 0.95 0.89 0.83 0.86 0.15 —
val 15
train -38
0.3 0.95 0.89 0.84 0.86 0.3 val -7
* At Accuracy, P @ Precision, R : Recall, F1 : F1-Score
¥ 6. PDC M& d|U (), &4 A d|u(P)
Table 6. Comparison of PDC performance(Left), loss areas(Right) for PDC
Type Ratio A P R F1 Type Ratio Loss type Loss area
0.03 0.89 0.89 0.94 092 003 train 0.2
no 0.08 0.88 090 092 091 . val 0.1
re-Batch 0.15 0.88 0.89 0.93 0.91 . 008 train 0.51
0.3 0.87 0.88 093 0.9 min-loss . val -0.37
, 0.03 0.89 090 093 092 | re-Batch 015 train 04
min-loss 0.08 0.88 090 093 091 : val -0.02
re-Batch 0.15 0.87 0.89 093 091 03 train 0.62
0.3 0.86 0.88 092 0.9 : val 0.03
train 0.03
0.03 09 0.9 0.94 092 0.03 val 105
train -0.23
max-loss 0.08 0.88 0.89 093 091 | max-loss 0.08 val 0B
re-Batch re-Batch train 1.25
0.15 0.88 0.89 0.94 091 0.15 val “iod
train -2.07
0.3 0.86 0.87 093 0.9 0.3 val 08
train 0.13
0.03 09 0.91 094 092 0.03 vl 499
008 080 | 089 | 095 | 0@ 008 tin =
oW 0.15 ® | om | om oo | o 0.15 frain 138
: : : : : : val 0.3
train -96
0.3 0.88 0.89 093 0.91 0.3 val 04
* A : Accuracy, P : Precision, R : Recall, F1 : F1-Score
4 ¢4 T4 re-Batch AT HAubA oz obA A=A ASES FI-AG7E FdHe 2945
Al % AU B AR etk B8 ok ot mHld o)n] d%d 48 ATL W
CCFD Ho|HA|ES] A9, Al&u] HlE&oll A glo] o8 23O TH TFY PP Eola gt
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g AEHom WMAS TASE Aol 23 2 gogaed ga 48 39E AN,
2 Sl WS ol oldAE W S Insurance HoEJAIEAA1E AR W& 0.15, 03
sl Az 44 ol RMSEMAE7} 27| Z28ie) §d 5843
TSW A2 PID, CCF EﬂolEMlE«l A5 A gutsl = = e

=2

A714 Aol ¥ 435t PDC HoJE{ A EoA]

* 7. Diabetes A= H|w(F}), &4 A H|W(R)
Table 7. Comparison of performance(lLeft), loss areas(Right) for Diabetes

re—Batch type Ratio A B C D Type Ratio Loss type Loss area
0.03 74 55 0.04 0.97 0,03 train -3.7E4
no 0.08 69 52 0.17 0.91 : val -4.4E4
re-Batch 0.15 63 48 0.29 0.83 . 0,08 train -1.8E4
0.3 60 48 0.37 0.78 min-loss ) val 1.4E4
. 0.03 82 65 -0.19 1.09 re-Batch 015 train 3.9E5
min-loss 0.08 67 51 0.21 0.88 : val 75E3
re-Batch 0.15 64 49 0.27 0.85 03 train 7.6E4
0.3 60 47 0.36 0.79 : val 2.0E4
train -4.8E4
0.03 78 61 -0.05 1.02 0.03 val D6Ed
train -9.2E4
max-loss 0.08 73 56 0.07 0.96 max-loss 0.08 val ~30E4
re-Batch re-Batch train -2.9E5
0.15 65 51 0.26 0.85 0.15 val ~38E4
train -5.3E5
0.3 60 48 0.37 0.79 0.3 val ~43E4
* A - RMSE, B : MAE, C : R2E, D : NRMSE
¥ 8 CHP M& d|(F), &4 I d|1(P)
Table 8. Comparison of performance(Left), loss areas(Right) for CHP
re—Batch type Ratio A B C D Type Retio Loss type | Loss area
0.03 0.71 0.46 0.63 0.35 003 train 1.45
no 0.08 0.79 0.45 0.54 0.38 ) val 04
re-Batch 0.15 0.7 0.44 0.64 0.34 0,08 train 432
0.3 0.65 042 0.69 0.32 min-loss ) val -2.68
0.03 0.72 0.48 0.56 0.38 re-Batch 015 train 1.1
min-loss 0.08 0.68 0.46 0.63 0.35 ) val -0.59
re-Batch 0.15 0.7 0.44 0.67 0.33 03 train 10.03
0.3 05 0.43 0.65 0.34 ) val 6.21
008 | 079 | 048 | 055 | 038 003 frain 292
val 243
train -1342
ax-I0SS 0.08 0.72 0.46 0.62 0.35 max-loss 0.08 val 504
re-Batch 015 | 072 | o046 | 0g2 | 03 | AN | gs train ~46.86
val 116
frain -87.15
0.3 0.68 0.44 0.67 0.33 0.3 val 1549

« A RMSE, B : MAE, C : R2E, D : NRMSE
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Table 9. Comparison of performance(Left), loss areas(Right) for Insurance

Type Rdtio A B C D Type Ratio Loss type Loss area
0.03 49E3 2.8E3 0.84 0.34 003 train 1.0E8
no 0.08 5.2E3 3.2E3 0.82 0.36 ) val 5.4E6
re-Batch 0.15 6.7E3 48E3 0.71 047 008 train 1.7E8
0.3 79E3 6.1E3 0.59 0.56 min-loss ) val 1.4E8
0.03 5.0E3 34E3 0.83 0.35 re-Batch 0.15 train 4 5E8
min-loss 0.08 5.1E3 3.2E3 0.83 0.36 ) val 44E8
re-Batch 0.15 6.3E3 45E3 0.74 0.45 03 train 8.4E8
0.3 7.3E3 5.5E3 0.65 0.51 | val 7.5E8
train -1.7E9
0.03 5.4E3 3.8E3 0.81 0.38 0.03 val 4.0E8
train -4.9E9
TEXHIOSS 0.08 5.8E3 4283 0.78 0.41 max-loss 0.08 val 38E8
re-Batch 015 7563 58E3 063 052 re-Batch 015 train -1.1E10
val -1.0E9
train -2.1E10
0.3 8.2E3 6.4E3 0.56 0.57 0.3 val 1 4E9
* A - RMSE, B : MAE, C : R2E, D : NRMSE
12y Diabetes®t CHP Ho|EAEMAE LH A gto] AT Yt
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