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Open World Object Detection Combining Graph-FPN and Robust Optimization
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Abstract: Open world object detection (OWOD) requires detecting all known and unknown object ‘categories in the
image, and the model must gradually learn new categories to adaptively update knowledge. Aiming-at the problems
of low recall rate of unknown objects and catastrophic forgetting of incremental learning in ORE (open world object
detection) method, this paper proposes adjustable robust optimization of ORE -based on graph feature pyramid
(GARO-ORE). Firstly, using the superpixel image structure in Graph-EPN and‘the hierarchical design of context
layer and hierarchical layer, rich semantic information can_be obtained and the model can accurately locate
unknown object. Then, using the robust optimization method to” comprehensively consider the uncertainty, a base
class learning strategy based on flat minimum is proposed; which greatly ensures that the model avoids forgetting
the previously learnt category knowledge while learning-new categories. Finally, the classification weights initiali-
zation method based on knowledge transfer is ‘used to improve the adaptability” of the model to new classes.
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Experimental results on the OWOD dataset show that GARO-ORE achieves better detection results on the recall

rate of unknown categories. In the three types of incremental object detection tasks of 10 + 10, 15 + 5, and 19 + 1,
the mAP is increased by 1.38, 1.42 and 1.44 percentage points, respectively. It can be seen that GARO-ORE can
improve the recall rate of unknown object detection, and promote the learning of subsequent tasks while effectively

alleviating the catastrophic forgetting problem of old tasks.

Key words: open world object detection (OWOD); graph feature pyramid network; flat minimum; knowledge

transfer
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Fig.1 GARO-ORE network structure
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Fig.2 Graph-FPN feature extraction network
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Fig.3 Superpixel generation by COB algorithm
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Fig.5 Trajectory loss of sharp and flat minimum

fi, J5J5 U (9) HEAT BB 2 315
B GITR R ()=
DRSS A AVA [ AVA IS

6, ~ Unif(©

E )[sze, Ls,(fe,)Tvo, L,)-,(fol )=

0, ~ Unif(©

E )= Ly 1= 1L ()= L, (/)] (9)

0.~ Unif(©

th 5t (6) 7 1, BN LBk 22 R(f,) % B F
(L, ()~ L, (f, )1, W34 2 T Lk B 12 5 H 4
% R\(f,) I ELRER K MR U 2535 57 TP 4

4, N T i SR B R, H iRt
% B UG SR B R, ok B R U200
B SR, SR/ A KR 2 OB i R K
QI L, (f, ) 2K 558 () Py L (KK,
S8 SRR MR . TR, A% SCI 3 SR 2 5 B
KL Bk DR T4k L 59 01, 2 A 25 0
[ R A SO B PR « SR B4 KL e P
B e YA B 6 5 ST

1,em1
z ”:\KL(T% > Tfo(xi))

By
(e-E)

where:Y" by, " =f, (x)x€s) (10)

o,y R x4 B IR 2 B P 4
8, 2R B S W UG TR 5 52k 1
A5, EL S BRI S -1 SR B/
242 58 oI BN M

TR A2 33 I 88 D R0 T 4
(RN AL L 22 30 B0 (A7 T AU , BORT
FL DI T AR LR J2 LR A 2 P >

O 4 1 P 2 0 2 5 4 A X S i
BRI TR B0 Sp< 0< 0" +p .
2.5  JEFRIBRIT S I8 8 JON BUE B 86 1L

FER 22 3T I B G 9 5
KU AT R AL . ORE ) T — 241 B L (.16 70

9»

E

tray (e-E)
L.\' (f(?’Y L)zél
- L): ’

(e-E)

b, IR 5y T BUSL R LU o B W80 TR Bk
AME, WA JC I K B BB 1 27 ST 0K . L,
T fift P ORE P BEHL W 4R 1L 2 MO07 WL mO sk I, $2 11 T
— Foft 32 T R RS 4 1 2R B BB A B A T i
A% 0 FEAELR R AR AR AR B BE DA TH 2 v 2 o 397 28 1)
FEAR B, SEBURT IH 28 Z ) JARGE 7, DT O 732 3k 2
P B RIIR A, A AT A B A T (O

HARYE, B 5 R 2801 B R 23 A R R
I8 4l ORE I8 3C P BXS e SRS T7 g A Sk
8 e A HF AL 2R 5 R 2 AR AR AR |, SR R B R A AR
HRRFE R (R S iZ 2 B R, an (1) B -

k,= %2} fi(x,) (11)

Forr, b, FORIENN o MFFIERIE, N, R M I FE
MEBE, f,(x,) R ZIEN B kADFEA B RHE 1)
o SRJE R A S AR RLRE T 5T 4 S AR 2 (.
55 1H 531 B8 R A 249 {ELAR {0 B2 O 5 — f Ak B, AL AT
B (12) A3 prw, Kb kLiefl,2,---.0) , 5
kje{C+1,C+2,---} 735 4CER n 4k 23 (8] IH 2 51 5
BTN WA FEAE 5 R AE A
k k.

COS(A-,./;,)H: |]$|'|k| (12)
i J
cos, .0
5= # (13)
zcos(kﬁk’)@

i Ja , A (14) B AU A ) 46 18, 1 H
19 21 B9 9] 1R A AU XA R HE A5 1 25
onm, =10, 1,0, 5 »onld,c]'[sljaszjv "' ’s(jj]T (14)

FoHt, 0, il 2 iC) FE R BRI 2 3T ) 1F 2% ) 2
B, 5,0 el CYRTRHRE I 105 97— kY
WL 00, 37 223 3 T ST 75 (7 K 5 R
9 LS BB B 2 il R LR 140
FORTII A , 7T LA A S M I 2K P9
H 43 S 41 8 2 g TR (e 0 B 4552 T 2 o
SR AL A SR B 7 97 2 1, A
F R 1 (PSRt P 0 P 6 %

SRL L 3 T T A 55 4 K R B I
3 B L X B A OO £y v L R
T 5 0 0, 9 R T 0 5 7 2
S D 32



W % : 454 Graph-FPN 5L Y FF Bt 7 B Feas il

2961

6 A1 BUT R M AU B bR AL

Fig.6 Weight initialization based on knowledge transfer

3 %R
3.1 B ERES S A5

N T 45 1iF GARO-ORE #5551 1) 1] 17 1 FLA Rk
DA B FE B 0 28 -, A S0 R OREM S 56 v (Y 13 5
1 1 OWOD %4 415 45 X 1 7 3 47 PF 4k . OWOD %%
4 bR S S 52 VOC2007 Fl COC02017 K dft 4 4 Jf:
17 B, He43 7 80l HARZE . IRl 2% ORE 1Y 5L 56
WE R IX 80 N LK 43 4 A S Y s 4
{D,,D,,D,,D} PEATLE 0T AN 1R, A B
LA 204 R 2050, o i 4 D, 43 & vOC-
2007 547 42 I A7 288 ) K AR 107 28 01 1 I 2 K DA
Wi, D,. D, D, 5085506 ) A% 60 A~ 28 5% 1 4 1]
SRR R 43 B B A I SRS B i SR A

Table 1 Experimental dataset

Training Test
images  images

Training Test
instances instances

BG4 ID  Classes

voc
D, 16551 4952

47 223
Classes

14976

Outdoor
Accessories

D, . 45520 1914
Appliance

Truck

113 741 4 966

Sport
D, horss 39 402 1642

114 452 4826
Food

Electronic
Indoor

D, . 40 260 1738
Kitchen

Furniture

138 996 6 039

AR T bR - 20K B (mean average prec-
ision, mAP) FI R 1 28 5 4 7] % (U-Recall) 1> F5 457
IS UE AR YE OWOD 1145 L tERE . X TR 4845,

AR AR KRR T BE AT

ARSI Ad ] mAP@0.5 (loU [ {H UK T 0.5) /5 H
BV H BRI A B B AR AR, HEW R (Precision)
3 0% (Recall) FNF- S HERA 26 AP {1 7 21 a1 2R 1
{8 mAP B3 B AN R

.. _ TP
Precision = TP+ FP (15)
__rr
Recall = TP+ FN (16)
AP = UlPrecision(Recall)d(Recall) (17)
N
> AP,
mAP = F‘N (18)

Horp, TP R EAEWB], FP RRIES], FN R 6], fE
i % (Precision) 2% 7~ B RIGR B H 09 IE AR AR B 52 0F
FEARY LGAEL, A 73R (Recall) 22 758 A9 TE 81 2 500 4 1F
FEARBI LA, AP {HZFRIR Precision 1 Recall BZE T 1Y
M. mAP F£RFTA 25 AP@0.5 HI-F-XI{H .

RINZENH 113R U - Recall VE AR 0% G4 I Y
PEAG R B , 2R s 53 28 F50 00 1% R 0 2000 ) 1E 8 B bR o5
MRFHFR B, U- Recall HE I (19) FR -

U_TP
U_TP+U_FN
Horfr, U_TP 7% A 01 2 51 1000 1F B 1 5 5] 4 o
U_FN SR A 000 3 8 A 0 S 45 4 o o
3.2 BRIH

7 Graph-FPN B it Sy 1 4 sy Mk BE , 5 e Al
FH ImageNet £ 95 52 X5 1% W 28 e W& il 2k . 2R
J& , 75 GARO-ORE 19 Il %5 ik v A FHE] 36 B 28 )
26 %F Conv3 | Conv5s $2 UG 2 R R AiF 78 53 il A 3K
B =5 T TR Bes

TE Unknown Aware RPN it rp | A S 2% ORE
AT 0 1 B s PR 28 COR 0 H A ) 94 B KR
5 AESE T TR /IME 1 B 252 ) S s 5K (4) p
715 22 % A M{0.1,1,10,100}H6%¢ 10,6 2 (6)
(14 250 p BB 0.05,:44 X (10) P i 24 E I
TEE 7 3 BB R 5 ok H iR Bl 4 2R RS 32

FEDL AR Ty A B 1 O 0.9 A BE LS B R FE
(stochastic gradient descent, SGD) , H: 4] iy 2% ~J K 1%
B 40,02, it 5 F % %1 0.000 2., mini batch /2 M {8,186,
32} £ 1) 16, NMS (non-maximum suppression) [#
{Hi%E N 0.4, AXAE(D,,D,.D,.D,} i 4 ot 44
55 #£47 100 000 kAR ZE o 18 1 000 Uk AU

U- Recall = (19)
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SR IFNAT 73 FEAE W] b3 Ak J7 3 6 16 2 2 S50
HEAT R IR Al (FE 22 ) AN AT AUE R 4R 4k , B 3 000
WA Z 5 TR R AL,
3.3 LEESM S

SEHERE : Intel® Xeon® Silver 4310 CPU@2.10 GHz,
64 GB [N 1%, CentOS7, GPU 4b B £% iy 4 H: NVIDIA
TESLA T4 iyl 57 ik R, 48 SCTE detectron2 AE 42 T 5
BT GARO-ORE W 4% #5 HU JI| 5 FI B UE o o~ T 50 iF
GARO-ORE 5 Al /A7 &4 M, 8 58 5 Y A 1k g s AL 1
ORE J5 V& AT T X LU S5, SR 5 AT T 3 2 1 ik o
2] S AR AR AN SC B B JE UEAT I AL SE A, DL 4
H] 7% B A% S5 v WA R P il 1Y) BT ik, LA S 09 45 AR
mr.

(1)OWOD X 525

AR AEAD,,D,.D,.D ) B4 I 5 ORE K H A
AT T X S8, o {155 T, %78 GARO-ORE £

YRS ) DB LT RS, T, T, /T, 5

MFIRWG D, Dy DB DI 2 2] R 5 AR
Rl SCER SRR 2 R

MR 2 SR S5 S mT LUA A SO 2 /F OWOD
£ 55 LIS T S f i 245 5 TGI8 76 TH 28 51 0 fE i £
B A 2 B ) R D BB L R R I R T o R
Mo, FEEUESE (D,,D,,D,) I, GARO-ORE Lt i 4 it 1)

=

ORE 7F U-Recall 48 #r I 73 5l #& F+ 1 0.84 1~ H 43 £ |
0.66 1~ 1 43 45 F10.64 4~ 1 43 45, #F {D,.D,.D,.D } 4
4£ I ,GARO-ORE 7£ mAP $5 b5 I 43 #3545 0.65 4~ 1
Ay 05 L T4 EH 4 LS AN 4 R 159 AN 43 A
PETF o X U8B A SO AN BB AT 500 5 AR AR X A R
I s B R 0 800, 9 LA AT D455 5 1 R = ~J 315
AL [ IR R e e 1 L R 28 R PR B

(2) 38 B2 2 X L 5256

ARICAE D, B4R DRI ) 5 . AR
BT E AR A 3, BB TR =1 B 2R 2] Lk
Class,,. JAE ¢ =2 BP0 2k 5]y 5] A H Ay 2k
B Class,, o TEIZH AR SCHE JEHE B 3 0k 11 7 =X 152
T 3PN g 2 2 S DFE =1 B 21 B 2
2] D, B4 BT 10 2851, =2 B 2 2% 2 bl 4% 10
AN QFE =182, BRI ) DR SE B 15
AN, =2 B2 S R 5 A, OFE e=1 B
2 WAL ) DB SE RT 19O, 1 =2 B )2
SFIAE) A2 AT bR 3 FROR [ Y S5 56 X A5
RUA ARSI 3% 524 2] (incremental learning for object
detectors, iOD) RE J1 EATPFAL , SC G 45 R an 3% 3~3% 5
Fim o

K 3~F5 ML L5 LKW, GARO-ORE £ #f i
H AR (10D )T 55 Hh R BL R 47, 76 K Z 80 H 2 51 Fn

#2 GARO-ORE{ OWOD % & T iynf b9 gash 1

Table 2 Comparative experimental results of GARO-ORE under OWOD setting AT %
T, T, T, T,
Model uU- mAP(T) wU- mAP (1) U- mAP (1) mAP (1)
Recall current Recall previously Current Recall  previously Current Previously" Current
(M) known (1) known known (" known  known R known  known Both
Faster R-CNN® — 56.16 — 4.076 2574 1491 — 6.96 13.48 9.14 2.04 13.68 4.95
Ef‘szziﬁgﬁ’ — 5109 2384 3747 — 3569 1153 2764 2953  12.78 2534
ORE 5.75 56.34 3.66 52.58 2558 38.98 13.52 37.77 12.41  29.32 30.01 13.44 26.66
GARO-ORE 6.59 56.99 4.32 53.55 27.20 40.72 . 4.16 38.38 14.02 30.47 31.78 12.93 28.25
43  GARO-ORE#fhit 7 >J f o} b 92 45 (10+10)
Table 3 Comparative experiment of GARO-ORE on incremental learning (10+10) AL %
Model aero cycle bird boat bottle bus - car cat chair cow table dog horse bike person plant sheep sofa train tv mAP
ILOD"™ 69.9 70.4 69.4 54.3 48.0 68,7 78.9 68.4 455 58.1 59.7 72.7 735 73.2 66.3 29.5 63.4 61.6 69.3 62.2 63.15
ILOD+Faster R-CNN 70.5 75.6 68.9 59.1 56.6 67.6 78.6 75.4 50.3 70.8 43.2 68.1 66.2 65.1 66.5 24.3 61.3 46.6 58.1 49.9 61.14
Faster ILOD™ 72.8 75.7 71.2 60.5 61.7 70.4 83.3 76.6 53.1 72.3 36.7 70.9 66.8 67.6 66.1 24.7 63.1 48.1 57.1 43.6 62.16
ORE-(CC+EBUI® 53.3 69.2 62.4 51.8 52.9 73.6 83.7 71.7 42.8 66.8 46.8 59.9 65.5 66.1 68.6 29.8 55.1 51.6 65.3 51.5 59.42
OREY 63.5 70.9 58.9 42.9 34.1 76.2 80.7 76:3 34.1 66.1 56.1 70.4 80.2 72.3 818 42.7 71.6 68.1 77.0 67.7 64.58

GARO-ORE 62.8 70.1 64.7 44.2 48.3 77.3 79.4 77.6 353 70.5 56.8 75.3 81.2 73.4 815 43.1 73.8 69.3 75.6 69.1 66.46




W % : 454 Graph-FPN 5L Y FF Bt 7 B Feas il

2963

#4 GARO-ORE 8 i 2J [ %6f b 52 85 (15+5)

Table 4 Comparative experiment of GARO-ORE on incremental learning (15+5)

AT %

Model aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv mAP
ILOD™ 70.5 79.2 68.8 59.1 53.2 75.4 79.4 78.8 46.6 59.4 59.0 75.8 71.8 78.6 69.6 33.7 61.5 63.1 71.7 62.2 65.87
ILOD+Faster R-CNN 63.5 76.3 70.7 53.1 55.8 67.1 81.5 80.3 49.6 73.8 62.1 77.1 79.7 74.2 739 37.1 59.1 61.7 68.6 61.3 66.35
Faster ILOD™ 66.5 78.1 71.8 54.6 61.4 68.4 82.6 82.7 52.1 74.3 63.1 78.6 80.5 78.4 80.4 36.7 61.7 59.3 67.9 59.1 67.94
ORE—(CC+EBUD®™ 65.1 74.6 57.9 39.5 36.7 75.1 80.0 73.3 37.1 69.8 48.8 69.0 77.5 72.8 76.5 34.4 62.6 56.5 80.3 65.7 62.66
OREY 75.4 81.0 67.1 51.9 55.7 77.2 85.6 81.7 46.1 76.2 55.4 76.7 86.2 78.5 82.1 32.8 63.6 54.7 77.7 64.6 68.51
GARO-ORE 76.1 82.5 68.2 51.7 57.4 79.8 85.2 81.9 48.3 80.6 60.1 77.0 86.1 79.9 84.2 33.0 64.5 59.0 78.2 65 69.93

#5 GARO-ORE Mg 2] it} He i85 (19+1)
Table 5 Comparative experiment of GARO-ORE on incremental learning (19+1) A %

Model aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv. mAP
1ILOD™ 69.4 79.3 69.557.4 454 78.479.1 80.5 45.7 76.3 64.8 77.2 80.8 77.5 70.1 42.3 67.5 64.4 76.7 62.7 68.25
ILOD+Faster R-CNN 60.9 74.6 70.8 56.0 51.3 70.7 81.7 81.5 49.5 78.3 58.3 79.5 79.1 74.8 75.7 42.8 74.7 61.2 67.2 65.1 67.72
Faster ILOD™ 64.2 74.7 73.2 55.5 53.7 70.8 82.9 82.6 51.6 79.7 58.7 78.8 81.8 75.3 77.4 43.1 73.8 61.7 69.8 61.1 68.56
OR—(CC+EBUD™ 60.7 78.6 61.8 45.0 43.2 75.1 825755 424 75.1 56.7 72.9 80.8 75.4 77.7 37.8 72.3 64.5 70.7 49.9 64.93
ORE™ 67.3 76.8 60.0 48.4 58.8 81.1 86.5 75.8 41.5 79.6 54.6 72.8 85.9 81.7 82.4 448 75.8 68.2 75.7 60.1 68.89
GARO-ORE 69.5 79.1 68.9 49.0 57.6 80.0 88.9 79.8 42.2 80.6 53.5 75.5 87.5 83.0 81.0 453 77.6 69.3 77.4 61.0 70.33

B G AP A A BB $E 7t OF HAE 10+10.15+5,
19+1 {3 2 I AT 55, e mAP 48 b5 43 B T+ T
1.38.1.42 F11.440A 53 5. MIHZERI R APE AT LI
4R 2 H0H 28 5] AP E AR A — 2 I T, B HIE T
GARO-ORE jifl iof 3K figf H AR AL P A /IMA |, I 7 H:
B 3T 14 1 2H DX S8 P B0 2 00T A RN i O U P
o UL, LA ST OB N Y AP (EZS R0 LIE
SIS T AT RS B B4 2 B AUE R bR Ak 19 7 v | BE
% A G s T R RS H AR 2S00 B AR e O, S BT
KA BR TH 200 Pk R A ] e 3 BB AR 0t 5 24T 45 12 T

(3) B A S 50

T 5 iiE GARO-ORE B3 i) K Ml 450 %, A S0 5
Faster R-CNN ,ORE W~ FE A5 A i 17 %] Lb , I3k (51
1§ R F 58— 4 800x 800, H: 2 Hi tar 1 4 FL 3 i I 45
AN 6 FR.

#6 SRR R HERL YR L
Table 6 Comparison of parameters and reasoning speed
id Model Parameters/MB | FPS™1
1 Faster R-CNN¥ 252 14.00
2 ORE™ 257 9.65
3 GARO-ORE 314 8.48

2 6 I 545 S E B, GARO-ORE #f % T ORE
L 7R B K 5y i 9.65 FPS T[4 %] 8.48 FPS., H. 4
B PR R T A R AT E b AR I AN B 2E o) AR

3C5| A Graph-FPN 1E A RRAEF2 IR 2% | T BB R 25K
B, kB RN B o AL T Faster R-CNN DL &
ORE, &4 GARO-ORE 5% 7 f #f 1 3 B2 47 i T e, {0
SR AR AL SR S E AR A I ) ST
K PERESE T

(4)7H Fil S 56

N T Bk GARO-ORE %4> JC SR e i) A %01k
ARFEFEIEE(D,,D,.D,.D,) &It T — 4 SLE,
VIR 25 224 BIH T OWOD 1Y 5., S 56 235 R an 5k
TR, Ho e FOR S AR R, R Al
FIAH R . Hirf BLFM(baseclass+learning strategy
based on flat minima) & 7 &E T 0 /IME 1) FE 25 2
) K W%, WIKT (weight initialization based on know-
ledge transfer) 2% /I 1 F% 19 3 14 28 5 BB 7
a4k, Pre_Known A e BT 251 ) mAP {H ,C_Known iy
HIEA A mAP {8

T LS5 R T LB ) ,GARO-OREZE (D, D,,
DD ) BHRAE 1345 TEAT Wk fe AR AN e R 1Y
LY 1 M e AT AS [ 2 BRI TR R L GIE B T R QB A
Py 5 2, R AT C BB e % B IR PR e
T Dk o RAELAT ARV 4R D, S il A A B A
25 B S A5 3E X SRR 1 RN SE S 2 W] LU
Hi {5 B Graph-FPN 10 % ResNet [’ 4% B % A 24 i 1k
A E BRI R, AR RS A o] AR v, HOR
H b5 9 4 [0 5847 0.56 4~ | 43 A NS BE 82 7, OF HL7E
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RKT ORI AR
Table 7 Ablation experimental results ALY %
id G-FPN BLEM WIKT U-Recall Pre_Known C_Known Both_mAP
D. D, D; D, D, D, Ds D, D, D, Ds D, D, D, Ds D.
1 X X X 6.25 6.98 6.56 6.42 71.78 72.15 71.17 69.45 58.68 59.28 57.42 56.42 6851 68.93 67.73 66.19
2 X X 6.81 7.42 6.72 6.92 7195 7242 71.62 69.13 59.30 59.52 57.31 57.12 68.78 69.20 68.04 66.13
3 X J X 6.29 6.96 6.46 6.37 72.80 7293 7226 70.84 5852 59.17 57.12 56.27 69.22 69.49 68.47 67.19
4 X X N 6.21 6.91 650 6.31 7159 7211 71.12 69.21 60.12 60.21 58.12 56.92 68.76 69.13 67.87 66.14
5 X N J 6.27 6.95 6.54 6.41 73.09 73.05 72.14 70.42 59.86 60.15 58.04 57.12 69.84 69.82 68.61 67.10
6 N N 6.92 7.36 6.77 6.89 7296 73.25 72.43 70.41 59.96 60.42 58.09 57.51 69.93 70.04 68.46 67.19

B2 ) H ARSI RSB T 0.62 4 B 43 45 ) mAP K
JEFETE ARGF R E R R AT T3 2 ) o X Siae 1
FSEYS 30T LUE Y, i ad 51 A KL TP AR /ME Y 32
2% > TR W BE A5 B Gy b A B TH 00 B4 G P RE AR AR
T ORE, 7€ [H ) i & mAP 8 b5 2 T+ T 1.02 4>
H o XS LR SE S 4 0] LUB % 7 I BE
A S BB R AT G 2 o FEMG R TP
SN mAPFEFRAETE T 1.44 11 43 05 . 905G 6 245 21
TR BB R T cfErERE . 78 KM H br 4 R
IKE T 6.92% , 8 o B 2% 2] 5 9 H AR A mAP iA
#|7 69.93%,
3.4  nlggik o br

TR M R R B Y S IR SR an i 7
AR SCHE BT = 4 8 R 3 o [/ 4Ok 4F ORE Al
GARO-ORE f#fE M 4 .

K17 ORE 45 GARO-ORE #aiill & Jt %t He
Fig.7 Comparison of detection results between
ORE and GARO-ORE
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