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[Abstract]

In this paper, we apply KeyBERT(Keyword extraction with Bidirectional Encoder Representations of
Transformers) algorithm-driven topic extraction and topic frequency analysis to deep learning and
reinforcement learning research to discover the rapidly changing trends in them. First, we crawled abstracts
of research papers on deep learning and reinforcement learning, and temporally divided them into two groups.
After pre-processing the crawled data, we extracted topics using KeyBERT algorithm, and then analyzed the
extracted topics in terms of topic occurrence frequency. This analysis reveals that there are distinct trends
in research work of all analyzed algorithms and applications, and we can clearly tell which topics are gaining
more interest. The analysis also proves the effectiveness of the utilized topic extraction and topic frequency
analysis in research trend analysis, and this trend analysis scheme is expected to be used for research trend
analysis in other research fields. In addition, the analysis can provide insight into how deep learning will
evolve in the near future, and provide guidance for select research topics and methodologies by informing

researchers of research topics and methodologies which are recently attracting attention.
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I. Introduction
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II. Preliminaries
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2. KeyBERT
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Fig. 1. KeyBERT algorithm

III. The Proposed Scheme
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Fig. 2. KeyBERT based research trend analysis
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Table 1. Abstract counts before and after preprocessing

algorithm before after filtered
Autoencoder 2251 2196 55
CNN 7244 6789 455
GAN 2144 2071 73
LST™M 2271 2011 260
RNN 2105 2009 96
RL 9217 9097 120
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IV. Analysis

1. Abstract Counts based Analysis

Table 2. Abstract counts analysis (1% half : 2015 ~
2018, 2™ half : 2019 ~ 2022)

algorithm 1%t half 2" half total ratio
Autoencoder 494 1702 2196 345%
CNN 2271 4518 6789 199%
GAN 519 1552 2071 299%
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RNN 841 1168 2009 139%

RL 1808 7289 9097 403%
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2. Topic Rank Change based Analysis
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Table 3. Autoencoder topic rank and the improvement
in rank of the 2nd half

Table 4. CNN topic rank and the improvement in
rank of the 2nd half

Rank autoencoder Change Rank CNN Change
1 anomaly detection 12 1 deep model 2
2 encoder -1 2 image classification 0
3 variational -1 3 classification 4
4 deep model -1 4 recognition -3
5 anomaly 19 5 deep based 5
6 supervised 6 6 imagenet -2
7 semi supervised -3 7 object detection -2
8 latent representation -1 8 convolution 1
9 self supervised New 9 segmentation -1
10 latent space 30 10 data augmentation 4
11 deep based 6 11 deep algorithm 7
12 variational inference 10 12 deep architecture -6
13 regularization 5 13 classifier 8
14 denoising -8 14 super resolution 10
15 variational vae -7 15 attention 35
16 dimensionality reduction -5 16 semantic segmentation -4
17 decoder 4 17 image segmentation 88
18 autoencoding 20 18 deep method 4
19 data augmentation New 19 deep models 13
20 encoder decoder 0 20 computer vision -5
21 classification -16 21 convolution layer 14
22 deep models 58 22 classification performance 16
23 learned representation -9 23 pruning 18
24 encoders 47 24 denoising 15
25 unsupervised anomaly New 25 remote sensing 23
26 embedding -16 26 feature extraction 55
27 compression 24 27 CT image 27
28 training data 70 28 object recognition -17
29 voice conversion 46 29 detection 4
30 collaborative filtering -15 30 classify 13

otk £ QAAlyt &), E&7} WT TQSt image Adversarial Training)[35], AnoGAN (Unsupervised

segmentation, semantic segmentat1on0] =l g8 2
ok2 RAsiol BT TS| 49 FUS T 4 YUk
F 28 Holz super resolution, data augmentation,
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(Semi-Supervised Anomaly Detection via
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7t DCGAN (Deep Convolutional GAN), CycleGAN
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Table 5. GAN topic rank and the improvement in
rank of the 2nd half

Table 6. LSTM topic rank and the improvement in
rank of the 2nd half

Rank GAN Change Rank LSTM Change
1 data augmentation 15 1 forecasting 3
2 image generation -1 2 forecast 19
3 super resolution 0 3 deep model 3
4 deep model 2 4 prediction 29
5 image translation -3 5 predicting New
6 deep based 21 6 prediction model 25
7 CGAN 3 7 LSTMs -6
8 face image 1 8 time series 6
9 inception -5 9 deep based 7
10 image super -3 10 price prediction 130
11 anomaly detection 63 11 prediction accuracy New
12 image synthesis 2 12 language model 1
13 training data 18 13 anomaly detection 19
14 encoder -3 14 sentiment analysis 1
15 conditional cgans 40 15 stock price 368
16 high resolution 1 16 prediction performance New
17 DCGAN -5 17 forecasting model New
18 supervised -5 18 deep algorithm 62
19 CycleGAN 38 19 attention -11
20 inception distance 51 20 stock market New
21 anomaly 119 21 IoT 130
22 MRI -1 22 recurrent -20
23 conditional CGAN 15 23 classification 12
24 inception score -16 24 speech recognition -21
25 semi supervised -20 25 recurrent model 31
26 generated image -7 26 solar New
27 attention 17 27 entity recognition -18
28 medical image -10 28 anomaly 288
29 synthetic data 23 29 natural language -24
30 CT image 11 30 sentiment 285

forecasting, prediction, predicting, prediction 25. RNN
model, time series, price prediction, prediction RNN9] 79 Table 73} Zo] Z8¥t7]ol= speech
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Table 7. RNN topic rank and the improvement in
rank of the 2nd half

Table 8. Reinforcement learning topic rank and the
improvement in rank of the 2nd half

Rank RNN Change Rank Reinforcement learning Change
1 recurrent 0 1 multi agent 2
2 forecasting 20 policy gradient -1
3 deep model 3 3 markov decision 1
4 recurrent model 4 4 optimal policy 4
5 forecast 27 5 policy optimization 14
6 recurrent architecture -2 6 reward -1
7 recurrent unit -2 7 learns -5
8 gated recurrent -6 8 planning 1
9 deep based 17 9 reward function 2
10 neuron 11 10 agent learn -4
11 time series 5 11 agent -1
12 attention 5 12 robot 1
13 speech recognition -10 13 deep RL -6
14 prediction model 36 14 RL agent 17
15 prediction 24 15 exploration -3
16 classification 25 16 autonomous driving 4
17 deep recurrent -10 17 sparse reward 5
18 performance recurrent 218 18 offline RL New
19 sentiment analysis 86 19 learned policy 61
20 backpropagation -5 20 UAV 33
21 predicting 246 21 agent trained 26
22 deep architecture -8 22 optimal control 3
23 audio 5 23 agent learns 4
24 LSTMs -13 24 edge computing 61
25 recurrent trained 0 25 deep DQN -10
26 recurrent based 7 26 autonomous 32
27 recurrent layer -3 27 sequential decision -6
28 machine translation -18 28 unmanned aerial 28
29 language modeling -20 29 agents 16
30 sound event 10 30 agent deep 34

2.6. Reinforcement Learning

Table 89]] @2H reinforcement learning®] 73-%- %]
FH 719 EE multi agent?} X5t T ofo]HER
the o ololRE Zeleks A} s ol 2olx]

D 98T ¢ 2 9ol BE HolR: robot
autonomous driving, UAV (Unmanned Aerial

Vehicle)’} &8 ZoF & A9 7|¥=s EAfstH 2%
o AR, $UYB/ 1o O Akl A1 1Y
dep| ol2ofx| 1 9le o 4 otk 9 Al 7 &

Hol & robotdt autonomous driving2 X¥H7|9} -?-‘?_P
7] B 3 Bsp7 QKIS UAVE= Zt7lof vlsl #ol
FEuo] Jolels AT Eof § Woaw gl A7 2o}
02 L 2 YUk ¢ BG Hob ol edge
computing®] EAISHOH, HFH AdHelE fet A
P} Betekant A APEL Q19 ¢ 4 ik %
g}sh50] 2bi2]Z & policy optimization &72]&0] 5
Holl - ARSI, ol 20208 A2
optimization €12]&Q1 PPO (Proximal Policy
Optimization)[39]7} & 2HAlE ¥o7|0| S¥7|o S0

policy

=2 o 452 EQ Aoz FAHN ® elerse]
2 % ol offline RLO| S¥E7]of] Sof &-9Ho] A
J5tA ElQl=dl. ol online RLoJ ZH= ©AQ1 271 Y
EQI ok 438t ”719} al2st7] sl nR"

2.7. Comprehensive analysis
o] dare|5ol st o= $88 02 $E o 2o
= EXlo treat At} Autoencoder?t CNN, GANOJA]
TR o7 HAST 7|95 2 data augmentationo] £Af5t
5110151 A7F 2 71l tigh A7t EEstAl RledE S
0]011;}

ESF CNNat GANOJIA AH9] 307Ho]l &b zshe 719
E2 CT image?t EAfsH=0, 28, I5AME &5
& o]u]x] BAofA] CNN2t GANS AREsH o7} 2htt
o] K]oH 7<010 01- /\ oloiq

Autoencoder?}t GANOl= 3502 JASSH EXQI
anomaly detectiono] ZA|gir, o]=

mO_ELo

|1

autoencoder?}
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GANo] t}2 zd (CNN, LSTM, RNN)of| B]5fj o]AA]
Ao =2 582 Hol W A7 Fids] 1138 54
& 4 QUi

ESE CNN, autoencoder, GANO| 22 image ¥ &
ofof o]&H A= fxANo=z LSTMi} RNNZ
sequencial Ho]E{Ql audio, language o] &80] &1
ASS &IE 4 QUck o= RNNzt LSTM 2Ho] 5
’do] B BHluh= o2 AR R oyt 1A S &
A 125k o] 7Fsst7] ol ARE AL ElofE A
of Agtstal, AFAAHA Bl A47F Bol I3gH o=

El
o

o
=

-

A
V. Conclusion

2 =wolA= KeyBERT ¥12]&52 AREsto] He2id
I gekels A =1 2504 B4 25 ¢ £ ¥k
718t BAES Alestglon, 24 Ay 2E gedat gt
a5 worollAe] AYt7]9F Sutr]e] ERIt W} et
T2 & 5 Ao ol Fol Faidut defetae A
AT 5 Wt gish & 4 AL, 53] Feid gare
59 &8 Fof N2 g1aE] 573 Hle, 4v
2|52 S7Jo sl ot 4~ Qloith. o= 54 2ok
EfES FA517] Qg Y o= KeyBERTE A&t E
o £& ¢ &4 ¥l 7|9 FAo] At & 4 Q1o
o, &% Foid UA Yol tist sAEE Alsstl, A
T A 2 9 Aol AFAR =22 7710 FET
A E 5 olnh B & =wollA ARSI R BT &
A 7Ts/dS BAo=M B FAQ AT 5 A Ao
2 YHEZ AMEoto] EFIE FAo] st Bf AL Fof
2 FAo= Aol 75 Aoz 7|ogitt

oHak glolEfe] a7t A2 Ae WS Ho|r] =Tt
= A2 EYo] £&&= o] EXNSIC. ESt the, a,

I, are 5} o] 3R &7} AT Rp3 545 ©ojo
ol stopwords A|&o] WQsHA] 92 DAY Ee
KeyBERTS &85 £ & Alo= stopwordsE A|7

Sl S B9l FRE} We Efo] 2EEAY Y
D} it Edo] 25E| o] o] EsF ZAA o] ARRIK]A

Stk g7 A3} 221 3839 s 2 RISSe}

arXiv & 7]12] Alo]EojA go]gE £Alsk BAGIE =

dl, arXive] 3¢ A5HAl %2 =0l YRy 23
Z02, SCOPUS, Web of Science 59| 4% ¥ sh=X]
off vlsll Al2]/do] Bojxl= APE EAII. &, shiE &

Y20 IS =0]7] Yofix=

1. BAIHO] glo|g|7} WotoF it

2. stopwordsE Aot F&H EHO| M S
ofof St}

3. AT gole] 24 Al AR e7t 52 SSiEoAM &
AlsfioF shct.

o Al 7F] x3do] Basttt= AP RIS
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