‘ ") Check for updates

Transactions of KSAE, Vol. 34, No. 2, pp.267-279 (February, 2026) Copyright © 2026 KSAE / 243-11

pISSN 1225-6382 /el SSN 2234-0149
DOI http://dx.doi.org/10.7467/KSAE.2026.34.2.267

AF U SS 0SS AT A== Y 7MY F G0[E] 7|t
StEClI0lE ¥ E 12T 5&5-#2| 23 8tg A+

e U 484D NYS
OFZCHE M DNAB2IASEE ! - OFRCHEt M DI Y2E| B8t 2 - siciatSat?

A Study on Active-curriculum Learning with Consideration of Dataset Balancing
Based on Virtual and Real Driving Data for Vehicle Collision Prediction

Younghun Jeong! - Nayoung Oh" - Bongsob Song™? - Jangho Shin®
DDepartment of Data, Networks, and Al, Ajou University, Gyeonggi 16499, Korea
Y Department of Mobility Engineering, Ajou University, Gyeonggi 16499, Korea
Y ddvanced Safety Performance Development Team, Hyundai Motor Company, 150 Hyundaiyeonguso-ro,
Namyang-eup, Hwaseong-si, Gyeonggi 18280, Korea
(Received 29 October 2025 / Revised 7 January 2026 / Accepted 7 January 2026)

Abstract : This study proposes the application of active-curriculum learning methods in predicting vehicle collision that take
into account dataset balancing to both virtual and field operational test (FOT) data. Since real collision events are rare and
biased toward front-end collisions in the real-world environment, sole consideration of FOT data may result in data imbalance
in the train and test for data-driven approaches. While several data balancing methods were proposed to overcome the
imbalance due to over-sampling and under-sampling, leaming strategies to consider both data structure and learning
dynamics have evolved to improve prediction performance. A two-step training process is proposed to consider both data
balance and leaming strategy. First, both scenario-balanced and class-balanced training datasets are selected. Second, we
adopt the iterative active-curriculum leaming strategy, i.e., an error-driven active learning strategy that incrementally selects
misclassified samples is combined with curriculum learning based on difficulty measures according to collision probability
and/or road complexity. Finally, it is demonstrated in the FOT dataset that the proposed method allows enhanced collision
prediction accuracy and significantly reduces the false alarm rate.
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Fig. 1 Definition of pre-crash scenario for collision prediction

Table 1 Confusion matrix for collision prediction

Annotation
Unsafe Safe
Unsafe | TruePositive (TP) | False Positive (FP)
Safe | False Negative (FN) | True Negative (TN)
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Table 2 Statistics of virtual and real driving dataset

Training
i — Test Sum
Initial | Remaining
# Ofxgorgw;mm) 3,177 3,253 6356 | 12,786
(# O:s?l?l;pd} 1,977 1,976 3,953

Irwahicle. 55
SENsoT

Fig. 2 Configuration of a test vehicle
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Table 3 Number of samples in the initial training dataset

Unsafe Safe Total
Scenario-balanced 22,749 20,838 43,587
Class-balanced 24,000 20,838 44,838
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£ A}238}9HE o] = Table 1649} o] SE0] 2
A8}= 7 $(GT = unsafe)s} 182 4] b2 75-(GT = safe)
2 FEEH, $18 = ALt Ao o2 TP TN 3§
o] Y2 o] =& FPYU FNY| & ol =& Fo =1
WS A gz} o] & wrd ] 918k TTC 7] %k
O| % A X Crre(2) & Th- 3} o] Aod 4= itk

Crrc(2)
_ {max{o,l —TTC(2)™"},if GT(z) = unsafe  (3)

min {1,TTC(2) "'}, if GT(z) = safe

o714 AE dlo|E zol| v TTCe] ALt BIHE o
FZ Wt HF AFA A TTC(2) 1 & 1831
Crre”t ZHE #hol YO =5 31, FEo] YA A
E1-TTC(2)! & |83t 2H2 glo] Yo x5 44
3tk B2 WA 0 B CPE B85 Yol A ¥ 3
A FE B M= CPE o] &3tal FE o] YA
5 1-CPE o] &3ld &G dol|= A X & A3}t

1 —CP(2),if GT(z) = unsafe
ca@={ oo z'ffc'r(gsz))= g @
7|4 CP(z)T A ()& |83 cPY 4|5 Aot
2oz BAE N EE voly do|x A EZ &8
IR EZEAREFI S Y AR L ARE W
Fte 8xo £ AFqM e FH AFoy Bz}
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1
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t=1

o171 4 A3k %9 94 A ROD U A A 58 172
Fae] 22, T A Zel9d 4, D= Tl el A
SA 9 AA ] 58 oJu|ek. Az} Fulo) ERsHe A
Aol 57t Be5 % BAeictn daste] volH ol
=8 7 AR sl

wpAgho. 2 a7 29 7)akotd ol B8 wredake
HER ELTE Cyped HOIE A X2 AHEEISIT o]
=2 9 A FAN e AY 2o 3 2]
g Q78 =2 7lshetd BAEE AFee oz, A
A 1o sl o1k AE ()L, 7 Fo1 A B S vheh 2ol
AT

ccr.m:e = #(Kc) *: JU'(:K-C) (6)

A7 A K& 2+ A A 9 I8 (Curvature) &, K &
T WSS oud dutH o R I go| FF5 F
3) B2 2T do| Ut FolA B R, HF A RE B2
o] 71818t A FE7t 23R F3 do| ke A e &
A G L P A F e T 5 3k 9} 2ol A
AR Crrey Corowas Courve = BTEHE E3 [0, ] AR
2% 5 o) F AAE A v F8E F RS
dolx X 2 A3t

3328 A 1S

A EY stol ALEH & st AAFE A o
A+ (Discrete)?} ¢34 (Continuous) WA 02 FHE
o} 30 o) 4 Q1 o] A+g] HHA] © 2 Baby-step 2~ 7| 22 7} A
|53 glen, AA dolEE dolx wle} o ¢
2 uUraysplin) G AR Bdo] 54 20 & ST
o o GAZ o7t EE 30 2 2 A oM s AE
S (Accuracy) A FEE 90 %= ‘4 A3} 31T}, Baby-step 2=
Azl dolE A HE e(z)ol et me] 7oz
Wi 5, 2 2k JAR S A, € (0] (k=1,...m)E R
o] ztt}. o] ol wa} zt shss DA soll A AMRE = Sty )
ol B Al th-3-3} o] A ojHr}.

5

2 =| Jo® ™

k=1

o714 D= st B s7hA] T A E 85 w0 E A
2 o) shel, DO 2 ®)01 A A e)et 2 ehAle) o]
Aoz olguAMZ FAF o DO TA T,

DX = {3]A_y < C(3) < 4} (8)

7|14 2, =0°19 A, = 122 H| 7},

Fig. 82 2] (4)E 7|0 2 CPE Po| = A E 2 A A3}
AL o &5 HolH AL 10GAE (m=10) 723+ oA
& BT} Fig 8(a) Ao A 2E f-A] 81 3
& o 95 29| z2pFo| 7= AFe =, cP70.1
ngto 2 ALt Dt HoHE EREE F¢E 1Y
3L ATk Fig. 8(b)2 -4 Azt 7101571 2 Q13|
A A FEo| BAZ 71 Ayl 2 HlolH 2, CP7}0.8 ~
0.9 Alo] FtE 7HAH, 2 (4)ol A Bl d Folk 7] &
w2} p? dlo|HAle 2 BFE AlEE BodFE) vhd
Fig. 8(c): Fig. 491 4] Al A € ALl 2, 4 A 9+ g 4 3ho]
A5k ()9} T2 A B A2 M H e EF ] 3
wrek 91 %] 71 28 EA 50 CP7E 0.8~ 0.9 Alo] gre=
FEA AL dgelt). o]l & Fo1H 2 @)l 2831 H|
o] Wo|=7} ¥2 D dlolEE B FH

oo 2 A48 a2 do| & 9 A gh-S 413 (Linear)
2 AlF Z(Root) T HENZ F7HAA g5 R E A
XA o2 gAste Walolt) ey X3 ©A sofl we
ol = A - A(s) & A 2 E FIHA 71 E 5ol
E3E £ dlolE o] o] A & dAH o= g%
o &, olAtE WA 1,8 2ol dolx F3HE nAd
N2 BaalA] gL, e(z) < A(s)E 1531 dlolH
TS Shgoll £ A 71 8ol 2 e whE) Gol =7}
FE Ao F7HEY. AFF 2AFYAAM Y 7]
Al kA, E SE 2719 B 8EHE dol =9 AZAE S 9
nsly, o] it 2AZH A Y 1,9 NGH o2 FF
dck,

(a) An example of
dataset D*

(b) An example of
dataset D?

(c) An example of
dataset D®

Fig. 8 Examples of training dataset based on collision
probability
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. 1 -1
Aiinear () = min( 1,2 +— o ©)
grow
_ 32
Aroot(s) = min| 1, 0.5 + A2 (10)
grow

A7V A Tyyy = EOLE Q173 0] BTk 10] £ 37
7HA9] % B4 WA Fol v, s A Sher TAE o)

gk vl A1 sol A] Bl AH- 5 & B0l B Al & Thg-3}
2ol Aelgrh,
D (s) = {z1C(2) < A(s)} (1

ol2M AL FY st 13 vA wel &5 T2}
AEH o 2 el un Yo% 7]uk glo]H AZ Mo
Q27402 o s} ).

4. 552 &g

& Aol A = Fig. 3014 A A& T (Vanilla) 5535
o @AM E A3 st sEsa 3 A EY &
€ LY EN AR 7 dolgd U eRT
€ Fol7] ARHEL AR W 5, TAHY E
&3 BHE AR B8 WS 47 AN S o] Fo 4s

B i & T 3paLzf ek

41AY &2 gE

T2} (Sequential) 5 5-7 2l F 7 5 (Active-curricu-
lum Leaming, ACL)& =LA Al GAIZ F+/45 o] ot} ¢
A dlolE #3E 13 27] FdolHE o] &3t
UES A ggS APt} o= 9 g0
Bl A4l 5F S-S 2 Fstd A EH Sl o
£ s dolgAlE T rlA e g dolx A
Fo} 3y 2AIFYE et A EY gaE A8
gk}, o] = Pseudo code 3 B 2 7 2] 14 Algorithm 13} 7+
ok A 71 vlol B 23 /3 € Table 2] A A& 27
Aol (D) 0 2 mA g Sttt o F 27 o
2 7 2 AER dolHE 748 Fuk doEAl
(Dremy oA 53 dlo| B & A H(query)dt o Dol A
gt o]l Wi 54 dol8l= 27] WA E gt T
233131 &, Table 1] A Al $+ A] F ol A] FN(False Negative)
o] B]& Bt} FP(False Positive)7} "]-$- 2 212 w3}
Fig. 49} 212 FP dlo| B 7h-& A H3Il ). o & A AE g
DS 7| E Dl 718k b HlolB & &l %
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Algorithm 1: Sequential active-curriculum learming

Input : D™ : virtual dataset for initial training,
DTe™ : virtual and real dataset for remaining training;
Output : M'* : optimal model

While not converged for p epochs do
train(M, D¥); end while
end for

T M « train(M, D);

2 D = query (M, D"e™),

3% D= DI pset;

4: D' = sort(Dyy., C);

33 {DY,D2,..., D™} = split(D");
6: fork=1..mdo

T

8:

9%

Table 4 Number of training data in the sequential ACL

Unsafe Safe Sum
Class-balanced (D7) 24000 | 20838 | 44838
SIM - 1,187
psel 2477
FOT - 1,290
B 24000 | 23315 | 47315

g5 A 4sn. ez exFoz AYFY
5t 2 A4 & 844 g5 dolHAD,,)E C(2)
o u}e} 9.5 Xk A E(Sort) 3k, 0|4t 2271 F 2] Baby-
stepe A Gt dolk 7|FOE mille] TR BE
(Spli ek, zH 73k Dol 3] st5& Wi, ZF 94
| A= pepoch 5 Rdlo] HE wj7}x] stEH o2
gt5S gt s st S ol AR AA A
Z 4°F Table 49} 2t}

9

42988 s&-HAEH oS
A gEdFgo AREY g5 9A J 49
TEHEE ALste WY vEY AR EH
gk WH S Qs Al gt Fig. 9% WHE 3 (lterative)
TE-AEH g5 WHE B4R} AR VE TF
5ol AYEH 5 7] &5 A4 2Es9 &
Ast F2E B Fr). = Aokd g5 A 94 27|
Shs7 dlo] g Aldl o] = %) 3 (Difficulty measure)$} SH5
2~ & 2(Training scheduler) & 4 83} "o £ &
gt 2AEE o 7I1Nke AR EH g5 S 42 i
O&o®, 5% o WS 4 83ke 29(Query) #HA
& &8 e dHolH & A E L 2 HlolEA R
-4 (Annotate & append)st= A AHE wHESIC F o -

ol



A Study on Active-curriculum Learning with Consideration of Dataset Balancing Based on Virtual and Real Driving Data for Vehicle Collision Prediction

Selection of training set
« Scenario-balanced
+ Class-balanced -
Training set
DIFFICULTY Threat measure

+ Crowdedness

ANNOTATE & -
APPEND MEASURER: Curve

g Iterative %
"_g Active g
3

Clll'l"icullll'l'l TRAINING - Duscrete

- SCHEDULER - Continuous
» Learning >

%,
K <
Wy o A

Fig. 9 Overview of active curriculum learning

Algorithm 2: Iterative active-curriculum learning

Output : M : optimal model
DL = pini;
forj=1...ndo
D' = sort(D],€)
{D1,D?, .., D™} = split(D")
fork=1..mdo
while not converged for p epochs do
train(M, D¥); end while
end for
D¢t = query(M, D"™);
D/*' = D] U Dsel;
11: end for

O B0 o U B W —

._.
&

A A © F Baby-step 2] 2] Sty A FZH S 7| Hko 2 g
T5-A el F 9 85 34 2 Pseudo code FENZ A 2|5
Algorithm 28} 241},

g5 dolH AD,,) T dolk A X e(z)E o83t
Lo 2 AYSot)H Fml o] Ho| = F7tog K
&h(Splity= ™, ol =7} W2 vlo| R H £AH o= 8
woll £t} Zh by ©A sl o] A7tA| 5 do]
B 9} @A BA 9 dlolE & +H 3t D, & 738 A
A € epoch 5t THE Wf7}A] vHE 8h5& 53 jict. o]
F AL query@AE 8 et dojlHE FA A
B@*)3tL, ol & g dlolHol F7HD,)3te tr
Iteration @] &}5oll A28}, A A Iterationol A = 71
o] o] 5] (DM 7+ 74 H Table 32] Class-balanced H]©] £

A& AHE-SHA| gL, o] & ¥HE A REHE(G> 2) /M B
AL F3 glo|e & BF X35t premo]| tj sl &
1EF H7P o|Fo A1, efd dHolgd disty
query= A H¥E dlolEE A7 blolEA (D, )=
st 2 astn, M A sl AHEE A E 5= Table 5
ol AT 0|9 22 HHE T2 E T RS Ax

Table 5 Number of training data in the iterative ACL

Iteration Training data Unsafe Safe Sum
j=1 DL = p 24,000 | 20838 | 44,838
Virtual z 612
851
=2 Real - 239
DZ 24,000 | 21,689 | 45689
Virtual . 1,249
1,325
j=3 Real g 76
D 24,000 | 23,014 | 47,014
Virtual - 451
456
j=4 Real - 5
DE 24,000 | 23470 | 47,470

2 S5 Fag dolHE AAsta, o] o ue 8
S HAE AN H oz STz AAH AL A EF
2l g5 ol 7Hssttt

5. 48 E

5148 &3

Table 20 A 8.¢Fd 53t Ho|HA L 7|Wto 2 RS
g3t 5, W7t dl ol e Aol diste] M= 2 29| 3
& WHE 12 45 v wsgd. B7HE A7 o]
HAloZE 7 R A= 59 dlo|gld disto] 2}z
6356719} 1,97671 2] 2A Alye] 0.5 AlgEl, Ax=
53] dlo] 5 =20% 9 2 -3 Snippet 2.2 T4 E'Lf-}-.

Al Y gl ALed olatd 2AFH 9] 4
A% o]k gHA el A A& (Accuracy) 7} 90 %i
FHA b G FEE AP F 5. ZF A
B Abde Aeolg vo| = F-1he]| ule} bl o]Ej 7} T
o] slom, ZF A 9] Hlo|E Alo| B T5H Fo g
AR dojrle F2E 7Y, 9t A5y 2 A EE
] F ol A E AFA o2 FIA T E HA L
2 789 g5 270 F dolH F 1% §
230, o] F AA %L HAE Tgrow 5t 2 (9)2}(10)
of| A] A A g} Linear, root'd-2] ¢l e} Y 4% £x= F7}
8 Tgrow O] F A Hlo]E] & X3 EH 6}“4 A
gtol Hdjol =g o] Fol =, A4 g epoch THHE A A
&5 dlo|H & WA o2 A3l Bl 3—}1;**1 et

5.2 H|3 @7t
G el Be 4% W g 918 $71 T2 97
A £ & TEelolth 5, AR 74 dolE Ao 4% )
Az} B4 o] 98 AFS 2843 7H4 o] Eo] tak A
C A2 A8 AL BR T saa) s} o] 2 9
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HYYE - 24y - £84d - UBE

3led §-41 Table 16114 4 23t @ Hek(Fp)oll 333k 3
7} #| 3 & FPR(False Positive Rate)¥} 240 715%(# of FP) &
A A At the o2 7Hd dlol e digt 4% F
A e Asts Bast] faA A EgEACC)2 FNR
(False Negative Rate) S % 7} A| £ = A A3} 3t}
gt FEFe] vl F7HE 9 8| A] Table 6914 K& v}
o Zol FSF(AL), TAA R WA 5F A
ggo= PRI 53 €22 55 AREH &
9 BT B2 ﬁ’:i}o} 7hsdtd 1 5 dEHQJA N =
guks ARt A4S Hastginh ol & 913 Table 2
o] Testell 313 3h= HI ol Z A& Hreta e, 7
dolE Az A == dlo]E Aol 3t /35 A} Tables
63} 790 2z} A| A8 T o] = 941 7}“ dlo] 5§ Al % 7]
HoF 3 AR dolx X ¥ g AAZHE A
8hal o] Fof] A2 3 ulo]E Al gt FPR(False
Positive Rate) @} FP 4] A5 # of FP)E EF A 4T &
A= SEHFE AR Aotk
24 Table 62] A5 7]wro 2 o]k A Fe} g5
2AZHE A3 A4 L AWtz g, dol=
A Exe A 3314804 AME Crres Cop Corowa &
Courve 7t 57 B H AT 3.32H A A E Baby-
step(B-S) 2=71E 2] 9] A5 M8 AFPE Farste] o]
E| & Easy®} Hard2} 20] 2 Al(ie, m=2)2 W& 4 ¢
(Case)—' FEFAFAL, ol & HAALZE F7HAA 1087
=10)7H4] 3L o}"ﬁﬁr 9o A& 2AFE A
T%I(Lmear) 2 AT 2 (Root) T FEHIZ S5 W9 E A
A o 2 st Walo] e H Ak
L2 5% 3H5(Case T A 88 47l 71 37}
ARl i AHE BF HAFIL o o] F do| =
AR} gy 2AFE S g 27 F AT TR

G2 A FRAA AL H A o] 7 A& T3t
Add g 2242 971 o] 2L 314 TF AeEH
Sheyol] 485 A3E Case 25-F] Case 107}A] B 5551
Atk B3] Wolk ARE G, 2 AAd A 2AEHE
Baby-step] 10HA| 2 -3¢ Case5°i 7%~ ACC, FPR, FP
o] Mgt 22 A BHAAM S5 E BT
th FNR #H3 of| 4] Case 391 1] 3] 0.1 %7} -3l A| ko] =
FNO] 7 @A oA 47) Aol g3l TAAH o= A3
‘s A8} H Z(Deviation)°l| &l Fetc}ar £ 4= g} o] 23k
A3} FAEHF o2 APE /S EY 55 ALYE
2] Shg5ol] A28 A3} 2 Case 1190 4] B.o45=31 21t} Case
19}2] A% |3 E F38] FNR 6.6 % 27} 9]o t}2 37}
A FAA BF Aeo] A EHISS BoFa gl
AE= 53] glo]E Al <] 7§ FNRO & F3} dl o] E
& Eg3eta 1A 710, H7EA F oA FNRE A28}
31 Table 63} 5 3+ 2§l B3} Table 78 T4 5131t
Table 72] Case 59} Case 12 H| W 3}5 S w Accuracy$}
FPRAIA 7} 0.3 %, 16.7 % 7A€ A& BAFA. 3
F 23S Tterative ACLO| Z-83F A3}= Case 1194 &
¢l 7}53}, Accuracy @+ FPROIA] Z} 0.7 %, 58.3 % 7] 41
H A2 nAFYY. g 2] MeasureE Cp 2, 2=71F
HZ Linear® A A3 Case 7 232 4 714 dlo|E] Al
ML s FAE ol FUem, A= F3 Ho|gd
o &l A Accuracy 9} FPROA] 7} 0.4 %, 33.3 %°] &3] ©]
ol A}, ule}A] o] = Iterative ACLel 4838 B gtar, 2
I} Case 129} 2t} o] A9 Accuracy$} FPROA] Z}
0 9 %, 75 % N AE BoFQ) oyl Case 129
§ 714 dlol§ Al 7} Al ENRe| 33.3 % F713he 73
%*w Ho Ax= F3 dlo|gd &35t E 4% FIE
@_cﬂ Q-cq 5}.0&5},

-

Table 6 Performance comparison of AL, sequential and iterative ACL with respect to virtual dataset

Case Method Measure Scheduler (m) ACC1 (%) FNR| (%) FPR | (%) # of FP|
1 AL ’ % 952 15 68 259
2 Corowd B-S (10) 95.0 15 73 275
3 Coourve B-S (10) 949 1.0 78 295
4 B B-S (10) 952 1.4 7.0 266
5 ‘ Cep B-S (10) 96.0 1.1 57 217
6 Sc‘i‘é‘it'a] Cep B-S(2) 953 14 6.8 258
7 Cep Linear 95.4 13 6.8 257
8 Crre Linear 953 14 66 249
9 B Linear 952 1.8 6.8 259
10 Cep Root 95.6 15 62 236
11 lterative Cop B-S (10) 962 1.6 5.1 194
12 ACL Cip Linear 95.9 2.0 53 202
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Table 7 Performance comparison of AL, sequential and
iterative ACL with respect to real-driving datasets

P prowey e T A B S
1| AL 3 ; 987 | 12 | 22
2 Corowa | B-S(10) [ 987 | 12 | 23
3 Courve | B-S(10) [ 991 | 00 | 17
4 Crre | BS(0) [ 990 [ 10 | 18
5 & B-S(10) | 990 | 1.0 | 19
6 [Seq.ACL| c¢p BS(2) | 989 | 11 [ 20
7 gz Linear | 991 | 08 [ 15
8 Evic Linear | 986 | 12 | 25
9 Corpe | Linear [ 987 | 12 | 22
10 Bz Root 989 | 11 | 20
11 Cip BS(10) | 994 | 05 | 10
o [t czp Linear | 996 | 03 | 8

ole} ZL ANE njgoz AER FHOHE 7|
9k o 2 © Pek(False alarm) B] &S Zo] 7] 918 st 42
o] AF=E AL, Measure—- cc,.i 27|%% & Baby-step
o] 109A 2 AA3NE A 7IE M dlole A o]
& 8% Azt A9 %:101 AER 53 dolEd g
FPR A FP AT E 29 F Ao Itk g v
ob7h, iR E ACLL 35 248 7|Whe 2 Yol = 27
3 dlo|E AEYE iR o FPFoIHN g HF
S HAAH o7 AW E = Qs EA L PRI o] =
A7 2HF A G B0 A FE @II% Alz=5le] A=A &
Ho $83 R4 & FF3IASS i
ukA] 2o 2 Fig. 10914 & Fig 3°ﬂ/‘1 BAFAE 5F
g &o] FAARE Mt vES ol A 4T
24 Y F IS HAFL YY) HILE ¢ %Hﬂi 37}
Z] Bz o] AEE Utk 55 Sh(AL)9] 7% Fig. 3
4 Dataset 19 o & & 4 5& AR 2, ri‘rﬁé
(Sequential) ACLS] 7 %- Cp, Baby-step =7 =2 &
ZH(Tables 6, 79 Case 5 32) &5 A F S AA 3}3‘11—}. -l
59 ACLA 3% Case 119 3133t ol = A F 9} &~
A=l & A3t 3 94 h<i(lteration = 1) ol =
?M%’é ggrol A 859 9le WHEE ACLe| 7 =
L AT E BT Qo). F A Sh5(Iteration =2) T
A& BF HX3 A5E RAFI Uk Al A 2
¥4 Sh<3(Iteration = 3, 4) F-oll = ¥ ACL ® o] A
84 BHAA 3] A5t &S HAFa
F AR FY SFHAA Y A TG E AR H
o 4% #3 fA e F B3 AA Adste 71 el

100

— = = = =8
g
=
5
&
3
g ¢
< - Al
-+ -5eg. ACL
Iter. ACL |4
1 2 3 4

Iteration

Fig. 10 Accuracy per iteration: AL vs. Seq. ACL vs. Iter. ACL
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e At e R nd seAgEd ga A
L A|9Fs}t e o] 2o 9] g @ Fh(False alarm) 14 &
33l S AN & D T U AT T
AA o=, Akl 7MY ey 55 ALEFHYS
(Iterative active-curriculum leaming)©] 7]& 3 < 5-<1 '—5'
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