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We present a deep reinforcement learning-based approach that leverages data augmentation techniques to

improve the accuracy of image classification tasks. We

define the essential components of deep reinforcement

learning and create an environment that enables the model to learn more autonomously when additional learning
is required. Our experiments with various benchmark datasets(CIFAR-10, SVHN and WM-811K) demonstrate

that the proposed deep reinforcement learning-based

approach outperforms the conventional convolutional

neural networks in terms of classification accuracy, highlighting its potential to effectively address classification

problems using deep reinforcement learning.
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LA 2 AT AL ¢ dong B4 AL AAY wAES
s Ast=H §HAI 7} Qi TH(Jang er al., 2019). whetA] o] &g gHA|

BEEEL ANANEY B EFE W T B (environment) S AF AAY F2E SU] WAt 2L BAANE 5

of| A ol o] E (agent)7} 3 (action)& H 3L, ZH FFAA 2 5= 9l A% 723} 8t5 (deep reinforcement learning)©] A

A5E PFAAE B B (reward) FO2ZA 5SS 5 gt A% 48 8tse 2 Y BofollA M 22

A3h= EokoIth(Shin er al,, 2019). A O] HE= T3] ok W9 whi= Bop Z shujoln =217 Ql A A o] BR3 A-&F3,

FFo A R, AL F5 e AT F rH B 2 2R 293 AY 53 2& Eokl A F4-E e H

(accumulated reward) S # U] 8} 3t= HF o2 ST A2}

Q& AA Y ggo] P AT, o] 23 A}t FET A

e 1 ded 712 A5H U dey AT A7 }

A A& o] 43l Rd& &A= A T8 (supervised State e rcton

learning)©] ot 2} 733} 8t<5 0] o o] HET} A4 3 A3 A& (Current/Next)
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o] ThAlMahamid et al., 2021). ©] &3+ 73} 85 2] 7] 2221 & Figure 1. Basic Framework of Reinforcement Learning. The agent,

& B5& <Figure 1> =48} 3} T}, sfA Tk o] 9} 22 11 upon taking an action receives the corresponding reward

AHel A3e&e d&d Ay F0H Y5 TS A= and the subsequent state from the environment.
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O (st, et St41)
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D g s ) ®Reward:r,

Environment

Figure 2. Learning Process of Deep Q-Network. The replay buffer
stores the experiences (state, action, reward and next state).
The agent uses this stored data to learn and periodically
updates the parameters of the target network.
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Figure 3. Overall Structure of DQNimb(Lin ef al., 2020). The
model achieves highest performance when lambda is set

. o _ |Dminarity‘
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where D, is the set of samples each class.
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State | Action |Reward State | Action [ Reward State | Action |Reward
; +Au ; +Au ; +Au
Ship 1 g Ship o g Ship o g
cat -1 —END] | B Truck -1 {END] Dog -1 —{END]
Agent

Figure 4. Overview of the Proposed Method. The image from the dataset is defined as a state, each class as an action, and the reward is

defined as a numeric value according to the classification results. Successful classifications yield positive rewards, prompting

the re-augmentation and re-input of the image into the agent. However, if the agent provides an incorrect answer, the episode

concludes. The classification process is iterated up to 10 times within a single episode.
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1 Al I i
Feanplecf  Oripifial Overlapped Augmented Images (times)

Classes Images I 5 3 " s p . g g 1
r : _——— - e = el " —
. 1 S : ' b ' r 1
1 1
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Automobile i"—-—' e’ o’ o »E .
RSB iy 3
-
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Truck

Figure 5. Continuous Decision-making Process Using CIFAR-10 Dataset. A green arrow indicates successful classification, while a red
arrow indicates the agent’s failure to classify. Upon successful classification, the image undergoes augmentation, facilitating
continuous learning. However, if classification fails, the episode concludes, and the next episode begins. Data generated
through this process is stored in the replay buffer and utilized for subsequent learning.

3.3 o9 A 57 7 HEE A &R e HAAA F74Y A71E 749
23179 YA AR TAAS AN oo dEL HT} of A&kt ojw A F7 7ol A8 W FH HEHH Br}

& ol vl A2 Q1 WA Ak o) ofef & ojuiAE F7gy)  ETHARE I HAHE AHE <Figure 0] =]
Wol ele) W FHE oA R Bk AolaEst ojp) 3 HAT Figue el oA WA 1 Aol A &
A Rl AFsel Foll oA 4T W A g ASETHEE EAEGL, AR oA 2T HA 54
27718 F RAAR QAo 2oz uag depe) O FIOT ITATE AU GO £ ARI Golhe

Stacks up to 10 times

Hard

Figure 6. Example of the Process of Creating Difficult Images Using the CIFAR-10 Dataset. The pixel values of each image are presented
as a histogram. As the image undergoes incremental augmentation from its original state, the corresponding histogram depicting
pixel values progressively loses information.
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74 71 g & $38t 371 E(zoom, flip, mirror) 713}
A3 T, Cubuk et al.(2019)01 A A A8k oju| 2] 73 71H
I B AT AEZE S 71 S <Table 1>3 <Table 2>9}
o] TAEQ T <Table 1>, <Table 2> A |25 = &2
9] Qb A gh& FAHE 7HE F Q& om| gt
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Table 1. Image Augmentation Techniques Applied in the Cubuk ef al.(2019). The listed operations are derived from the python

imaging library(PIL) and two additional techniques(cutout, sample pairing) were added. A blank entry in “Range of

Magnitudes” column is a techniques that does not require a magnitude value.

Operation Name

Range of Magnitudes

ShearX(Y) [-0.3, 0.3]
TranslateX(Y) [-150, 150]
Rotate [-30, 30]
Solarize [0, 256]
Posterize [4, 8]
Contrast [0.1, 1.9]
Color [0.1, 1.9]
Brightness [0.1, 1.9]
Sharpness [0.1, 1.9]
Cutout [0, 60]
Sample Pairing [0, 0.4]
AutoContrast
Invert
Equalize

Table 2. Image Augmentation Techniques used in this Study. Variations in augmentation techniques were applied to each dataset

because of potential differences in image characteristics or class variations.

CIFAR-10 SVHN WM-811K
Operation Name | Range of Magnitudes | Operation Name | Range of Magnitudes | Operation Name | Range of Magnitudes
ShearX(Y) [-0.3, 0.3] ShearX(Y) [-0.3, 0.3] ShearX(Y) [-0.3, 0.3]
TranslateX(Y) [-150, 150] TranslateX(Y) [-150, 150] TranslateX(Y) [-150, 150]
Rotate [-30, 30] Rotate [-30, 30] Rotate [-30, 30]
Solarize [0, 256] Solarize [0, 256] Posterize [4, 8]
Posterize [4, 8] Posterize [4, 8] Contrast [0.1, 1.9]
Contrast [0.1, 1.9] Contrast [0.1, 1.9] Color [0.1, 1.9]
Color [0.1, 1.9] Color [0.1, 1.9] Brightness [0.1, 1.9]
Brightness [0.1, 1.9] Brightness [0.1, 1.9] Sharpness [0.1, 1.9]
Sharpness [0.1, 1.9] Sharpness [0.1, 1.9] Zoom [-3, 3]
AutoContrast AutoContrast Flip
Invert Invert Mirror
Equalize Equalize
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o CIFAR 102 SVHN-S A A3} 8 4] @ oA At 3 oln)7) Holeo @ 42 ojulA ko] ofd 7o) &
gz AL 754 oty st Zijgo] g AR OlFA glom tgd A7 ofnA = T 9
WM-SIIK Hlo]El A& 3712 Sgato] 4P L Aatgirk. o] T & dFIMES A4S sfstef 3032 712 AlTdh=
O[EA ¥ el 29 WS %, dlofE] 2] W & 59| hershe  Format 28 AHGSHATh Format 26 €14t 771 7hel
L <Table 3>3} 2t} °ﬂ -?']i]?_f}‘: HAAE 7L o] FoAA 9lom <Figure 8> A A

A WA golEAlel CIFAR 10 087, A5, A, o == FAT ATk stef oA o TAHE AY A T
o, Ahs, 4ol A7, o, B2 1077 2o 22 T4 Aol 94 A2 40188 Hol0% 055 9714 5
Ho} 9o Hag 0~25577};q_/] WO MA = 27} 3ax 10789 U 2E 7HIT HolEH & & 99,2894 0 2 o] Fof 4

Table 3. Brief Overview of Each Dataset

Number of Number of Samples .
Dataset ) . Channel Image Size
Classes (Data Separation Ratio)
60,000
CIFAR-10 10 RGB 32x32
(Train : Valid : Test =4 : 1 : 1) X
99,289 32x32
SVHN 10 . L RGB .
(Train : Valid : Test = 9 : 1 : 3.5) (Format2)
2
WM-811K 8 . ‘ 5,519 RGB 64%64
(Train : Valid : Test = 9 : 1 : 2.5) (One-hot-encoded) (Resized)

=S - AAED-FESA
T ENwES s EEENED
Smll W b o R
EETEEEEE s PED
1 P 5

Figure 7. Example of CIFAR-10 Dataset. There are 10 classes and completely mutually exclusive classes: Airplane, automobile, bird,

cat, deer, dog, frog, horse, ship and truck
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Figure 8. Example of SVHN Dataset in which the Numbers are Located in the Center of the Image. Classification is based on identifying

the digit located in the middle among those represented in the image
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Figure 9. Example of WM-811K Image Dataset. (a) Defect patterns in wafer images. The red color is a defect chip and the green color is

a normal chip. (b) A bar chart illustrating the class imbalance, with Edge-ring having 65 times more data then Near-full defect
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Figure 10. Overview of CNN Configuration
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Afde AGEnoRE R Ao Husrlode oy E 14t 4P T
o] mE 53] AddRM = =F £ o4 HolH Y
Ma7t 23 27 W&o golg e 5 18e Hr7 A% Table 4. List of Hyperparameters for Traditional Learning Method.
J} @FAoE oF A} w32 P Fl-scorer FH W The experiment was conducted by changing the values in
Fl-scoreS AF&H #38k zto 24 dlo|H 9 M7t AL & the corresponding section in parentheses.
28] A%o] wlolH N7 }ELO ﬂﬂJMﬂ 7HA 35 J47} Hyperparameters Values
FANE HA e 9He B 7 A Folth ﬂﬂl Epoch 100
Fl-scoret= *4 4y %2“1 1% o gsta] WAz Jé% Learning Rate [0.0001, 0.001]
Fl-scoreE 2] (5)¢} Zo] 2T 4 o} whebA] £ Ao A Batch Size 32
= 5 1= = Patience(Early Stopping) [3, 10]

= D e S I g = L]

< Az Fl-scoreZ 714 Fketel et 3 st Delta(Early Stopping) 0

A Bl 452 v skt 5tk

Fl score,,,, = (2% (precision,,,, < recall,,,,)  (4) Table 5. List of Hyperparameters for the Proposed Method

/(precision g, +recall g,s,) Hyperparameters Values
Episodes [1,000,000, 6,000,000]
Macro averaged F1 score = (2. Flscore) (5) Learning Rate [0.0001, 0.001]
/ (number of classes) B?;Ch S(iize [i132ilO]
ewar ;
Gamma [0.80, 0.98]
4.4 A3 A Start Value (e-greedy) [0.1, 0.8]
End Value (e-greedy) [0.01, 0.8]
FFHOoR ndo &4 s I2 A JEZT(cross en- Decrement (e-greedy) 0.001
tropy) S AHE5F 1 2 A 8} ¢ 312] E-& Adam(adaptive moment Decay (e-greedy) 1000
estimation) & AH-&-3F o}, 18] 1 ¥l 79l AE A Q) sy Replay Buffer Size 50,000, 200,000]
o) HH A5 =&E 95t g5 E(learning rate) = M7 31 A Alpha (P?iori.ﬁzed Replay) [0, 1]
H& WAL WA Ao Z(barch size) = 22 DAY LT — ?nectfeizfrgﬁniﬁalyz)ep1ay) 2 = 13675]
A A FH olde) s Aol gl 27] 5 (early stop) Target Network Update Frequency . 5(;0

SE2 AYSHAh TO R AF RGP PUER 5

U3 || Aol 25 ALEBH G OF, o HAE 9o &

3} 2] H (hyperparameter) & Tt M7 st A3 %_ T3t 5. AR
Gtk RE AU BAS L seed AT 103 M2 FHFG O SO
< Mgt o A5 HHES ?}O]fﬂ”ﬂra}ulﬂ AAL 5.1 H]i’_/gf{i %3’—]'
<Table 4>, A%k FHES] ARHA spolsisteue HAe
Table 5>9} 2t 2 2o R E o WAl R WAT  ABH PR AF FAE BHE A v B
W AES SR B3 gl ol e e I obd) <Table 6>3F 2 A%l 7 & BFES W3,
Table 6. Comparison of Performance between Traditional Learning Methods and the Proposed Method in Terms of Accuracy and
F1-score Across CIFAR-10, SVHN, and WM-811K
Datasets CIFAR-10 SVHN WM-811K
Methods Accuracy F1-score Accuracy F1-score Accuracy F1-score
Vanilla 0.7707 0.7710 0.9275 0.9207 0.9323 0.8976
(0.0076) | (0.7710) | (0.0017) | (0.0018) | (0.0048) | (0.0119)
Traditional 0.7896 0.7895 0.9379 0.9320 0.9304 0.8979
100%
Learning Method |  Augmented ° (0.0065) | (0.0065) | (0.0028) | (0.0033) | (0.0071) | (0.0107)
Image 1.000% 0.8314 0.8316 0.9587 0.9552 0.9434 0.9203
DOV 0.0026) | (0.0023) | (0.0010) | (0.0012) | (0.0031) | (0.0080)
DQNimb 0.7367 0.7361 0.9085 0.9008 0.9152 0.8801
. Deep (Lin et al., 2020) (0.0066) (0.0063) (0.0039) (0.0039) (0.0076) (0.0121)
Reinforcement 0.8806 0.8798 0.9608 0.9575 0.9463 0.9255
L 3 . . . . . .
caming Proposed Method (0.0024) | (0.0026) | (0.0015) | (0.0018) | (0.0028) | (0.0066)
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Al <Table 6>9] v| WA o] Aotz tha 2pol7k Yk 2 W SHE oW A7A mello] FHskA ot 12 i <Figure
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Table 7. Impact of Key Components of the Proposed Method for CIFAR-10, SVHN, and WM-811K Datasets
Key Components CIFAR-10 SVHN WM-811K
Methods Sequential Augmentation Overlappffd Accuracy | Fl-score | Accuracy | Fl-score | Accuracy | Fl-score
Structure Augmentation
< < X 0.7367 0.7361 0.9060 0.8963 0.9244 0.8892
(0.0066) | (0.0063) | (0.0050) | (0.0058) | (0.0051) | (0.0055)
0.7969 0.7965 0.9081 0.8992 0.9177 0.8805
) Deep ° X X (0.0043) | (0.0043) | (0.0038) | (0.0039) | (0.0032) | (0.0073)
Reinforcement
Learning 0 0 < 0.8356 0.8352 0.9175 0.9098 0.9132 0.8727
(0.0051) | (0.0049) | (0.0037) | (0.0040) | (0.0052) | (0.0131)
0 0 0 0.8806 0.8798 0.9608 0.9575 0.9463 0.9255
(0.0024) | (0.0026) | (0.0015) | (0.0018) | (0.0028) | (0.0066)
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Figure 11. Diagram of the Learning Progress for (a) CIFAR-10, (b) SVHN, and (c) WM-811K. The horizontal axis indicates the degree
of learning progress. The vertical axis represents the ratio within the legend. The legend Indicates the extent of overlap
observed within a given episode before classification failed.
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