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Abstract In recent years, the deep learning has been applied in many image processing tasks. Deep learning
shows an excellent performance and encourages many researchers to apply it to object recognition, including
various popular directions: improve the direction accuracy by updating the network structure, design a simple
network model based on the transformer, and obtain better detection results through the characteristic analysis of
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the gantry. The DETR object detection model proposed by Facebook Al researchers in 2020 utilize simple
encoder-decoder structure, and views object detection as a direct set prediction problem. The DETR model is
simple, general, and can avoid many manual designs and tuning problems, attracting widespread attention of the
academia and industry. However, due to the limitation of Detr model on the size of input feature map, too small
size will lead to insufficient object information. Although the performance of the model has been improved to a
certain extent, its detection effect on small targets and occluded targets is not ideal. In the detection of small
targets and occluded targets, the entity information corresponding to features and the relative position
information between entities are very key to target reasoning. However, in Detr model, feedforward neural
network FFN only realizes target information reasoning through weighted summation, and does not consider the
interactive information between features, which has become the main factor affecting the detection effect. In
contrast, humans can easily detect small targets and occluded targets. In order to solve these problems, we inspire
by brain cognition, propose a novel full-inference model, called Capsule-inference and residual-augmented
DETR (CIRA_DETR) inspired by the brain cognition. Firstly, CIRA_DETR establishes an inter layer residual
information enhancement module to enhance the target related information in the small-scale map by calculating
the differences between the large and small-scale feature maps, which can improve the convergence speed and
detection performance of Detr model without increasing the complexity of the algorithm. Thus, the performance
for small object detection improves by 1.8%. Then, in order to more closely match the way of human brain
thinks and to better model the hierarchical relationships of intra-knowledge representation in the neural networks,
during the inference process, capsule-inference module is constructed to explore the object entity information,
and utilize the bi-directional attention routing for forward information delivery and backward information
feedback, and then the object class and location information can be inferenced. With the capsule-inference
module, the problems for occlude object detection has been greatly alleviated. Finally, neuroscience suggests that
anything human sees converges to a continuous attractor in different ways, which may be a curve, a surface, or a
hypersurface. Inspired by this brain science hypothesis of continuous attractor, during the mapping process for
object information, a hypersausage measurement model with stronger nonlinear ability is introduced to form a
more flexible hypersurface, so as to describe the mapping relationship between features and labels and improve
the expression ability of the model for the target. In the experiment of MS COCO dataset, the object detection
precision respectively achieves 25.8%, 48.7% and 62.7% for small, middle and large objects. Extensive
experiments conducted on the representative MS COCO dataset show the effectiveness of the proposed CIRA
DETR model, especially for object occlusion and small object detection.
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B 4 FHE s S & XS MR BE BRI B =M%
IR B0 ) AR A A 2 i XSRS [ i B PR RE A

4 KB

41 HEE

ACAE COCO 2017 AP Fed 4619 147 1 s
5%, ZEPEEAE 118k YIZ K G A 5k I8E E1E .
BARE T K EUE B & 218 63 MNAFER/NMPASE
. A1 AP 2~ bbox AP, EIZANEI{E AR
et . BATIEME T COCO 2017 HiFEHHT 100
Tk U35 FLOPs. RABHE. 2EHEE.
FEiZ 51 FLOPs 7Ry B 1 Lo %18,

42 SERRE

% [ 3 DETRMCHEA 11y 2 356 T BRI R,
W28 WSR2 AR 1z 00, BRIk, AT s
IS #0EK H DETR TN ZR A RS AT I 2510 o 7EA
3L CIRA_DETR #AI I ghid #2dr, AT &
backbone H layer2 Z A FTABUE, &% fETH 1)
backbone JZ, &K CIRE le-4, JGHgmhas.
088, WE 2RO 1e-5 HHATIOM, HEFZ & E 2
SZFN le-4. FESZHL CI_DETR B [ v i S 6 2
>, [E 52 backbone. gt a% A A AL # AR B AL
S8, RFJHHZERSH . /5000 RA_DETR &
R RS, 2] B E M CIRA_DETR )%
SIORFE—3. DETR B35 7 6 NMwmidj=H 6 M ifhd
2, ®EE A 84 head. Primary ¥ KR

FHHE N 8, Inference RFEJZ M IKFEEH
W B~ 100. % [E F| DETR AN GPU WA7 17 3K,
MELTF RN SR 2 5 AR5 R, R, AT
A SEIR AR T 2R DETR A3k 47 B A Ak
W, NG ST ERRE /10, SR AdamwET 81, 44
te 2831701, =5K Quadro RTX 5000 GPU &4
F T IIZRAIAR o

TEASL CIRA_DETR Bl Zrid A2, kAT
52 7 backbone {#1%¢%5 3 EZ ATHIFTAMNE,
backbone JZ= 2% 2] 42 = B le-4, K)o ) gm b4
FRID A2 ) KRB E N 1e-5, BEELZ 1221 %
WEN le-4, TEI i FEAEFAR AL 5 > ¥ V4 ik S8
i, backbone JZ. 4uhl 2% FIFERD SR AH AL EE 25
RN, RS ZE S8 A RsL 4,
NTRBREM B ], R KES
CIRA_DETR %3] —%.
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N T BGAE AT K CIRA_DETR BEAAH X T-4%
3T anchors F1 anchor-free 11 B FrAs il 77 3 1
AR, £ 1R T HAE COCO2017 KilE
R TR, 3 AP (Average precision) M7
fH LA S FPS {i. AT CIRA_DETR 54 #ij 4%,
i FCOSM, Faster RCNN® YOLOV3PY, it
DETRIM, DL 45 ok ot g R O AT e 47 Lo At

M1, AT G 2, ASCHR HRIK CIRA

DETR HIERI B T3 AL, AT St
DETR #R HEAT thse, FRATIME A 778 DETR 1284l

e s, Hoh SR T 96 N (8%) ISk
THRIFNBE AL B A0 1 R S m . X P L, 3R
T LARBLA S CIRA_DETR 54 i) FCOSPA,
Faster RCNNCVHI YOLOV3EUE AL AH L, B A5 T 40k
PIFRFHIREE . [FIB, Sf# v/ B bR SR A S
MFSYOLO™!, YOLO-ACNPA1 1A 5 41 L
S T HEIFgE R, th4h, I DETR AR kGt f5 11
BERUARLE, S T — e R e . thal, AN
TR KB G A, A S ) CIRA DETR 12
N E RIS

% 1 CIRA_DETR &A1 COCO 2017 WiE&E I 45 R

Model Backbone AP APs APs AP APy AP, FLOPs FPS
FCOStHY ResNet-50 39.9 59.1 434 23.2 426 50.9 177G 17
Faster RCNNL! ResNet-50 40.2 61.0 43.8 24.2 435 52.0 180G 19
YOLOV3F! DarkNet-53 33.0 57.9 34.4 18.3 25.4 41.9 30.2G 20
MFSYOLO™ ResNet-101 335 52.9 34.9 23.6 441 48.5 27.7G 411
DETR+!! ResNet-50 41.9 62.3 44.2 20.3 45.8 61.0 86G 21
DeformCaps™ DLA-34 40.6 58.6 43.9 23.0 42.9 56.4 15
ACTH! ResNet-50 426 61.2 44.1 21.4 46.8 61.1 58G 15
YOLO-ACN ! DarkNet-53 341 58.9 34.6 20.5 285 457 47G 22
CornerNet® Hourglass-104 40.6 56.4 432 19.1 428 54.3
RetinaNet® ResNet-50 38.7 58.0 415 21.0 42.3 50.0 24
AR ResNet-101 41.0 62.0 45.1 23.6 45.8 52.0 104G 25
CIRA_DETR ResNet-50 43.0 63.3 455 24.6 46.8 62.1 90G 19

TREE AR+ BT ST SRS A I SRS A2 2R

4.4 JHRRSCE

K Z R ZEAS BRI FEHE B2 g
SREER A 5% BT ) CIRA_DETR A7 f 4 A
M TR DTk . RV BT, BRATEAT T
SANERLSRIS IR, DURER A E AR a0 ]
IIRATTH CIRA_DETR HERL 45 5L,
441 FRZEE B3G5

ARSCHEH TR 25 B3G5 7 v, W2 K
JOBEHRAE AN R RRAE B 2 [ 2= 57, R
%72 SV R X B AR /N ROEERFAE B (1) iR e
77, BEmiRA AR AR . T SR UE AR SOk
Ze(s B 2, R 2 HHTHRERR
W 9E N FH/E DETR LB atsciegs B, el
RA_DETR. 3% 2 i]LLEH, f£ DETR #4840
NIRZEAT BIG B G, e e A 1Y
g seat b, YRR T — e EE SR, HAEN

Hbr E I e 55 Faster RCNN AHIRZE,
BOAIE 1R ZEAE B s T T th ) CIRA_DETR
LAY B M

R 2HATRSEREEBERNEMRTARE
COCO02017 ¥ iE £ FHIITF 45 R (%)

Model Backbone AP APg FPS

DETR+! ResNet-50 420 @ 203 21

ACTH ResNet-50 | 426 @ 21.4 15

Faster RCNN(® ResNet-50 | 402 | 24.2 19

RA_DETR
N TR ARSI EE R, AT
FHEE AR HARME R, Rl 2 B H .
BRI, JATLUNEHFR ], ISR ] A2
s BLAIMANTR AR AR G i A B 5 R il &5 2R
SR W 5. H e EFRE I /N B FR BT EE R
X 5 S HXF R (P RHE I 45 5 i AR /N H

ResNet-50 42.2 24.3 20
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PRIRTINAR, /N HARBTEE X Sl o, g
FUA P AR BT AE DX 455 DA SRS I 45 SR pk 20 . AN
5 ALAVREI R A, A A SO ORI
RA_DETR f:7%, B 5(_ L) 4 AN/ H kAt >k
T 24, B5 CF) H 2 AN/NEFR IR
I, 1 DETR AL T LA b/ H bR RAFTCREN TT .
B, 35 5 (RRRAE IR 0T B /N H FR B e AL

MR

B, HEEE R E s, BERwt/N B ER I A
N, A BT S BN H bR 0 A
Pefe. FIRGRRWAT, ARZEE B RETHT
FI5IN, AR HE 8 ) DETR BEAL8tR 1/
HAx, 57 /NERRRHEES, W% T DETR
/INH BRI RE DB ZE [ ). 45 B R A RO
A SCHR YK CIRA_DETR A 4 R4tk

Wik

DETR CIRA_DETR

5 il DETR F1 CIRA_DETR FZI%} B4 A /N B ARFFAE B HEAT 0T AL o 2= 1]

442 JRFEHEFEAA

AL R P HE R R R, ) P Jie B A J RV
& B AR 1) 77 S BE B bR BT E 2R B AL B S
SHERE, B 7 BEAER FH FRN BB XT38 B
FRAER AL BB (R EE, 3G T e B S A4 DL S HAE
B, HTFSeBUER M =R, dmtm BAx
PRI PERE . 3% 3 45 T IR FEHEFE B T DETR
BRIV R Sz 06 45 5, i~ CIL_DETR. W 3 AT LA H,
IRHEHEFR B T DETR HIHERIRIER] T 42.4%,
R 5 T oA DETR AU BizY, R B 7 ALY
R FEHEFR AL 0t T CIRA_DETR B EEM:, HIFH
TE T I BEHE A A 380 0 AL I e Sk, W] LA SELRT
T HbRE AR AR, HRE R T Sk 2 8] 1)
B HAE B AR 7, Al DARBUR FE LA T H bR s
BRI 7

% 3. BTIHIEMSIRIE COCO2017 WiIFERIITMN AR

Model Backbone AP APsgy AP FPS
DETR+! ResNet50 42.0 62.4 442 21
DeformCaps** DLA-34 40.6 58.6 439 15
RetinaNet®? ResNet50 38.7 58.0 415 24
Cl_DETR ResNet50 424 62.8 44.9 19

N T k20 U IE fiss A EE AT () H AR AL I
RS A R, BATmIEAIEX MBI, #1THis
B, Eo6 A T A E R B & 0t A S
CI_DETR FI3i@ DETR #8 2 J5 1 H Al gf 5 o
AR =5 5w AR R DETR HLA L
CI_DETR B2 ffs il 45 58, mE 2 SAE bR 12/ H ARAR
FM R AT I B I OES I H AR K 6 ATLLE
i, 25 %R A DETR 59k R AR HE S H br,
T A ST 42 SR 1R Jie AR B A 06 A D00+ e a8 424 1 H
W, W 6 HBERIRS . VRE. MEIRERT
AT CFD, (R TR A 2Rl TR
) B, S B B ARAN ORI A VR B R T — 8
w2 . LR FR I T R e BT R 7RI 1Y B AR
R E RIS . HIEFETET, o ES0 HArHEr
LS iRV, SECH PRI AL BAE BT & A=
iz # K FARIEHRAT Bbes B, BT8R
FSARARER BRI RIS, et PR ORI A ¢
X GAIALB IS BN, %5 BN AT L@ E
SX R FR, REZEE TN G AR
7093 I F I BE S AR A B AL RE 7, 288
JRFE AR TR H ARkl DTk, I s A S
MPERE LT
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K 6 {41 DETR A1 CIRA_DETR R % B 45 A 2 424 4 AR P AR W 285 SR s 151

4.43 FHlpEEsR

KROCAE AT, 5N W A
B, F RIS B AR EE &N B MEAE H An IR
IMERE, 1% R A R R BRI ARk RE ), REfE
IRUF M2 S 2 e 3 CRRAE) A 2 I3 (RO FI
LB Z IR LG OG22, JE T 42 S RFAE IR ik e
RAGH T EHEEBIE T CIRA_DETR B8
PIVHRRSRIGRT LS R . WER 4 TRATATUE H, 4
W e 1) squash BUE BR U A SCIEE A 117 14 =
R, B PRI AR 2 T BOK IR B e o
HIERET, FarReEmEREH, KA squansh
WOE R BOREUE MR B AR IR, (AR
F B BRHEAZE N M2 2 ML S &R, JUHAER:
W BV ERNERNAT S AT SN B
B i B B 2R R B 9 A2 i 1 A0 2K ) 2 T P B S O
Z, [FIRHRIE AR e b G B TR E
FATSS WM o r 2 SRy, ke 7 &
i £ B AR Xot A4 i ) L A A R
4. BRHNEIERAERSII TR COCO2017 WiF% £

HIFNEER

DETRJ5

Backbone = PSS AP APg APy AP_
iz 430 @ 246 468 62.1
ResNet50 =
i 427 244 464 | 618
2 445 | 258 487 | 627
ResNet101 =
i 441 | 255 | 485 | 624

BAIT I

5 &5ip

N T T Transformer 7E B AR v A A ) 1
A&, LAYK Transformer 75 H brA Il AR 1K) 2 R
AR Sk R KR RFAE B3 LAE S Transformer
BN R, et R R R, TRl
NRBEFFIEAS B 3G5E, #2857 DETR X T Bt
N EARMR I ER 2, B3, X T Transformer
(% EA T HES A AR R, B8 R ST SRR 1)
P FEAREER AR AR, R Y 2 % i 45 B AR 5 5
HEAT BARZEAIFIAL B TN, fr 243855 T DETR 5
RIR I ERE . HBAh, AT SR AF IR R AR AN 23
PR2EZ ) IR O 2R, AR SCHE tH— Pk & i P B
B, AT AR BRI AR TR R T, i8R
% B4t squansh BE R, SR FE SR TN ¥ H
PRAEERIMEE, HE— D4 T T BB AR I T R . 48
MM, FETVEE ) transformer FT 75 1 E K&
SHFE, BRHMNHEARKWRRE, F, 2
i J i B ) S P R B i PR R A A DL — 4 Al A
REEARI, BRI
AV B 0 5% vE T8 2 4 HL A R i i T A A 4
P, R T R ST, DRI T
Transformer (¥ B A U 7E 52 bR (772 R
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First of all, the design of inter-layer residual information
enhancement allowed us to calculate the discrepancy between
different scale of features and enhances the object-related
information in small-scale features, which is achieved without
increasing the model complexity, thus improving the
convergence speed and detection performance of the DETR
model. Secondly, in order to be close to the way of human
brain thinking, the hierarchy and transmission way of internal
knowledge representation in the network is simulated, and a
capsule inference module is constructed to combine capsule
construction and information routing methods for object
category and location inference, which can introduce the
relative location information and category association of
objects in the process of inference, and thus, can capture global
information and enhance the detection performance of targets.

Thirdly, based on the brain science inspiration that things
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eventually converge to a continuous attractor, a hyper-sausage
measure model with stronger nonlinear capability is introduced
in the inference process, which is used to form a more flexible
and variable hypersurface, so as to describe the mapping
relationship between features and labels, and improve the
representative ability of model for objects.
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