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ABSTRACT

Scene recognition is a research hotspot in the field of computer vision, aiming to identify
the scene categories presented in images, such as "bedroom," "living room," and "kitchen."
Scene recognition is a prerequisite for robots to perform tasks in unknown environments and
plays a key role in various fields such as autonomous driving and human-computer interaction.
Although the emergence of deep learning techniques has led to dramatic advances in
computer vision, scene recognition still faces significant challenges. This mainly stems from
the large intra-class differences caused by the complex and variable spatial layout, as well as
the inter-class similarity caused by the coexisting objects across scenes. Centering on deep
learning as the core technological pathway and guided by the semantic information within
scenes, this thesis conducts an in-depth study of scene recognition, resulting in the following
innovative works:

(1) To fully explore the complex and variable spatial layout within scenes, a semantic
spatial relationship modeling-based scene recognition method is proposed. First, the spatial
information in the scene is decoupled with the help of semantic segmentation, avoiding the
interference of space-irrelevant information in the modeling process. Second, an Adaptive
Confidence Filter is designed to mitigate the semantic ambiguity caused by the limited
precision of semantic segmentation. Then, based on the semantic segmentation result
characteristics, a Semantic Spatial Relation Module is designed to explore the advanced
representation of spatial information within scenes. Finally, a Combined Semantic Spatial
Relation Module is constructed based on the explored spatial features to comprehensively
utilize the in-scene information to improve the scene recognition accuracy. Experimental
results on several publicly available datasets show that adequate modeling of spatial relations
significantly enhances scene recognition performance.

(2) To address the inter-class similarity caused by objects with the same semantics
across different scenes, this thesis proposes a scene recognition framework that integrates
semantic spatial relation and object co-occurrence modeling. First, the Semantic Spatial
Relation Module and the Image Feature Extraction Module are used to extract scene features.
Then, the Semantic Node Feature Aggregation Module is constructed to allocate scene-related
features to each object semantic node, so as to differentiate the objects with the same
semantics in different scenes and generate the semantic node feature sequence. Finally, the
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Global-Local Dependency Module is designed to deeply explore the long-range correlation
between semantic node features and global features, and then fine-tune the global features
when modeling object co-occurrence, improving the scene recognition performance.
Experimental results show that integrating scene features to model object co-occurrence can
effectively overcome the inter-class similarity caused by coexisting objects across scenes,
obtaining a more distinctive scene representation.

(3) To address the insufficient interpretability in the heuristic use of object information
by existing methods, a scene recognition method based on inter-object discriminative graph
modeling is proposed. First, capturing the object-scene discriminative relationships based on
probabilistic statistics, which are transformed into an Inter-Object Discriminative Prototype
using Bayesian inference. Then, a Discriminative Graph Network is proposed, setting
pixel-level scene features as graph nodes, and encoding the discriminative correlations
between nodes into edges with the help of prior knowledge among objects. Finally, through
graph convolution operation, we explicitly fuse inter-object discriminative correlations with
scene features, and realize a more interpretable use of object information to assist scene
recognition. Experimental results show that integrating object knowledge and scene features
from a knowledge inference perspective allows the network to achieve competitive scene
recognition performance under a single-branch architecture.

(4) Considering that the high computational demand for object information extraction
limits the practical deployment of semantic-guided scene recognition methods, this thesis
proposes an inter-class semantic similarity prototype-based scene recognition method. First,
capturing the object information distribution within scenes based on semantic segmentation
and statistical analysis, and the inter-class semantic Similarity Prototype is constructed
accordingly. Then, we design two training strategies: Gradient Label Softening and
Batch-level Contrastive Loss. The former embeds the similarity prototype in soft labels and
uses a confidence gradient strategy to guide network training. The latter uses the similarity
prototype to measure the similarity requirements between samples in each mini-batch. Finally,
improving the feature discrimination ability of the scene recognition network based on the
above two strategies during training, so as to enhance scene recognition performance.
Comparative experiments on public datasets for multiple benchmark networks show that the
similarity prototype and related strategies can utilize object information to improve scene
recognition performance without adding extra computational burden in practice.

Key words: Scene recognition; Semantic knowledge; Attention mechanism; Graph neural
network; Data reasoning
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B, I BAE RIS X 08 Y R E . M =AML R 2% 43 SCHR I S R )
BRERRN, SERI TSR ERYE. 250, AR5 T i A 5 (4] BA 1281-F-
2020 FF4EH T 5 R TCRHI5Am R (Prototype-agnostic Scene Layout, PaSL) iEH(
SN ARERPE X BAdkiE, PaSL FI A ISR CNN A= Bt & AR B0E B e A UG
(R RIPE XS, FEE— A I 8 XSRS R, 1T RURFAE 22 TR A 22 [) B AR A
e R gmi N BRI, A B4 (Graph Convolutional Network, GCN) BUEZ
DI AN R SCOC&R, I — 4T 7 st o B VERE o X Set FAKHE TR EE M 42
28 R R IR RFAIE S0 e 7, JE e AR I 3 DX BURFAE IR ) B R SOR R R 5w T 50kl
PERE

Zx FRTR, IR JHOR CAEHEE LG RN s ) SIS T R R . X
67V EARFE T T 2540 22 X 4% (R R AE S EDUR S J BE 77, e LA AR M M R AR 14T
WsciRal. SR, ARIE ST R = 5 T A s R oR IR E B, 23
245 TH 11 3 LA A 38 1) A% (R A AR ) 32, BT [l — 37 5 200 N T Rt 30 22 AR AL ) 25 U]
A &y, IXFE— RN T 28PN 2= S 1) 28T 3ok s ) S R 1) YR PR A R I £ A 37 S R )
S IZ A RE S IB3, ST Z5 X 45 1 v v 7 [X 3 AT R4 R SR AR TE AR S X k. AT
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PO I SE PR, K B T E IR E T IR R SR ik BRSO &R, DU T
Yy R SUE B 51 SR TH 7 57 R A g

122 BT B SHARIAMNGE

(1) BTFITRERSFNTE

BT TROR TR, #F AT UGR 2] T s WS SUE B T AR 5 B
TME. 2007 4F, INEE KRR S BERS T I8 o LR L SORES: (LHE R 7S
Ky BT L B B TRV IR RR B A s BB T,
SR A R 5 2 (R 3L MRS B3 S R . SR, LR SUBES IR IB R 1B IR, X
EHTRR R AR 5, ML AT RN Z 435 M. 0, WiEE R
(26 R T BOME B —Fh “ T ARG RR” VR R R 20 BUG AT 2 RUE AR
MR, FEFET BRI RL, M T —A “UMEEE” RHELE, MATCAYI A ey L, 1@
o 2 (A S VLR B B SRR, 3845 7 B BRR e R &R, AR E 17
WA RE .

IR AT T TR E R TR RO N I PAARE UG R, il IR R IX L
B A B R R B R, IS TEATEERRCR .. REW, T THIARFEH
[ FRIZ AGRE 7T, TEANERECN R AR5, $RE0E UG B EE AR, X PR 75
X SR AR B RO .

(2) BETIREMHEMERITIE

b6 KRR 4R (1) IR B2 2 S R BV e, WA s3 25 B ARkl Al S 1)
LR HET R XA A TR R 2 Hh R R X B R 5 3 s R 4 A 1 RT R
M, AT — RAIETIREE S ) ANE L5 S0 et 5000 T ik

T XIRBAFE T X s H T 70 KA SR AR LTI SR ik o S 4%, —
S 5 30381 Sl ) FH A 25 A 4 3 s BB Al 23 s T IX e (Patch) , SRS id IS 73 K 4%
PRI L X B (1 R AE LA B3z Sl . B, e a oK 2 1 R IR B A AR H T
PatchNet, 9375 PN IR &N X HAE B X 38 SURFAE o I FHAE SCGmD B AN I LR AiE 5
HRNERFR, WIS SR 0, Xie ZEBEX PRGRFER LR F, $2H
T —FE A BRI g AS JrvE, BARCRUE, R AR OR B 2 A2 (Non-Negative
Sparse Decomposition, NNSD) %% >JAN[F] REE X BLA L2 N 2s, DU e RRiE, fE
LA F, SRR MRS (Inter-Class Linear Coding, ICLC) fFRERITENZ,
o R A T AR A RN, RS T scR it ee . X T vkl i g
BN [A] X PURFAE 2 [A] i B SO R A B 50, BUS 7 B E 80k .

SR TR T BE AL BT B [ i RT  WRAE Il A S s X H, SR, X R T e
FEEAEYE S EEI 2 A XY, B AT B AN XA, B TR R ST
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PR AR R

ETYREIZRIXREBER T T ek LIABRER, B 74113339400 | H B
Fnter il 538 o B FhAARAE B ICEOR KA 5t N R I BAR o At ol . =5 e 31 5
P A 20 1) 2 B0 A o 5 RS ) R 2R 22 5, — i o L4400 ok PR R A ) 1) 2 ) 26 R
BT 0R. Fln, Song SFUHNTESREG S AYMARNL GBS, SRHFIH “Pik-k
-7 = To HIR R AR 18] () 2B TR O &%, A AT 125 T I8 3 ph 22 9 4% (Recurrent Neural
Network, RNN) iz = o4 ARHER R, DB R0 M2, T 2022 4
PEH ARG-Nett 2] id b 1 7 B AR SREG 5 h S A X XE R, 1Z 7 EME
(Graph) HIABENT, REANERE XS RFAELE Ay B9 5 T4 AN DX 8] (1) 75 (7]
FEE R REAEIBI, FF3ET EAER MR B R B R R, TSI 50 iR
ille XL VLB IR R SN A, BERE T RRORNIRRE, R T4
NS 137 5 R RUR

FIRBR I E R O M E S R, SRR b, s B A 58 R AR T
MEERXR, W AWK R PMCERBIRITEED « WA ARSI Rh 2
FEAL S (B R R AT IRER

HETYEILIERER T E: 7T ERZSBHEEAMR, Bt stk
T AN 5200 2 [ B g ARASk v g, — S fiff 5 B2 A5 48N i s ASAS [R] 37 ¢ Hh IR A AR L B
S SN BN, RSk LB AR H T SDO-NetBd, %7 e o bt
ANFEy serh A ARSI R, R AGRYE A4, Bl 5 2 T X SR A
WNEFFARL RIEDRF DS RFAE, DL RIS 1) 508 IR SR 2R I ALk i 8, AT 32
FH SR BT HE . 2B, R SOOI AL AT 2021 4E4E H ) BORMEIH
KA T MRS TBUEE S S AL &, 07 B AR AR SR T R A1k
EERINE, FIRRHE S SR b ZS G, DASEI SRl X073 Je R AP &
W28 %] 3 5% 9 I AARAS B AT i, EARR VYR MR BB A AR E, S8 5 R
VIREHIE S N3 e 2 SRR e AR S 6, T3 A3 U PR

R, R s AR A AT Re S — B0, B, RBER “EME”
SRR, W “WhE” s IREEYE, KPR BRIE T YRS
BT R 7 B RBRR . ek, FIRTTER 2 R M5 3 o il Ab B N 37 5 UL f 37
SNMRE R, EXFZ 0S4, I SRp i A A R k1 i 2 06 s A i 4% 7 =it
G, SR LEFA 7 A2 w4 A KA. RG] A2 T B IR AR 5 3% SoRRE R
UAR A,

BARTTE, DUA BT S5 S R 5R00 D7 iR i 5 3 5 AR AR B 7R 4
H, RE5R T ISR S e R, R4S T BRI AR . SR, IXSE T VRAE S PR
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FAEBMTIE, FFRI I AR SRR G R 78 70 A, 23 SR FE i — >k
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Fig. 1-3 Organizational structure of this thsis

B, TR BRI RN E NN TR AR IR N 2 AR A6
AT R MEATE 70 AR R L, B T iR R T R R AR TR B SE, EIE I
AfE RN B & PR RS 185, JFBCTE G N B RS I LA i o IR EAT
BRI 51 S PR SOBSCIRN s SR JR , ARAEE SO BV RINRr I, S5 Bl M d 7 —4
R R A, MR SN IIE CERIR R &m, ERR ARG B R EE6
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W, BEE SCR R SR R AR IL I B = N R T . AR B AR A ]
Yy MR R SR 3 BN SETR AR BUR 1), $ e R St SRR I e e ik, i
B RILIUPER O 8% . o, 2T BRRAE SR UBEBRAN 25 — 58 e A8 SO AL OR &
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SCH L YRR T 5 AR ORRFE, R X 705 5 5 M R 18 SRR, JF 2R RETE ST
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R IIEIOC R, IR LA FE RS 20 1 B 4 SRR, ST sl nl v RE .

SEPUE, BTk R L) v A0 2 A 3 R i B s RS BRI
HURT AR REPEAN I IR R, AR T 1 — M T HER B A U7, B AR DU R AT iR s
PR 2 Bk i) AV ERR A Bz 5. &5, SETBER G iR BT
WIZRER TR L BISE R, M@ R IR S L R A DU R AR T AR O s AR, &R
B SRR BT i, IR B A 1) 46 50 1 2R o P S B SR 2 B 1 o 2 TR PR 453 1
FRME; fa, W EERABS AT, BRI MR A sl &, 2
3 SRR VERE .

HALE, BTE SR BRI U R AR 7 5 R T % S iifE SR BUE R
XTI v 7 SR R 1 OS] 3 B3 R T VR I SE R B X - R L, AR ESR A
M YRS B E . B, 2T EIRGETE o i i ik & a5 2 A5 2
Mo At oL, FraE AR R AMBLEE , Fse SR IalE SV IR A 285, Boit 1t
PREE A AL B ZRT LU A5 2K PR SRS, ] I ARABURE Jir 2 v 1) Sl B AR i 3 X 2l 2
M BRESEIAEAIG AN E A AH BN S S HURHTIE T, AAYRE B3TH 5 50705
PERE .

FONE, RESRE . MASCH) EEFOSCREEAT 1G5 IHN, FRX AR AR R
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2 BT BN EEXFRENZAHTIAMNGE

2135|8

ke 2-1 fow, MbEF=5M7 5, SRR IR T2 PR S aAG5, mihE
IR Rk . BRIE, TR — M R = NI RonTiiE o k. Bk T AR R
IR SRR, 735 U S L B % AR ) B R SCOR R AR K BT IR R, A
B AERANIRRMIRRIZEROCR, AR5 RG22 RS S4B iR .
=GR

K 2-1 KA SRS SR B

Fig. 2-1 Some examples of indoor scenes and outdoor scenes

B O W AT i @A AR A B 2 ) B R SOOR RE B SR, U T AN )RR
B o, SCHR[AL)R] FH AR OC J -0k = AR AR (A1 i 2 (BT OC & s SCHiR[28,42)
AT T I ER IR X IR (R A R R R . AR, 25 A1 96 R VG B AN R I
&, AR GRSk ARE E RS B, BAR, SUKEEN T e LI % —
PR B¢ RIATEAL, TiEEM A rigsh ERZS B2 AA)R. BART DNN KK
LA eI, AR DNN DL #1077 2 E & MR SN2 LR SUER. &
TFE RIS, CHR[28,42]t 42 A E T 26 73 FL v SUbR2E LLA BT A4 IX 3R ik 2 ] (1) 2%
()R B R AR, AR e 77 ik (A 280 3 B T T I 2 SR BCRAAE R S 1 e g . SR,
HFRHEFR 52 ARG R (Bt , AT RES7E ISR 72 H B AS X P 46 2R
AR CREIIRA. AHEE 2T, ARZRE T —ANE SR OE R B (Semantic Spatial
Relation Module, SSRM) , BEAMFRRGFCHYMAR KA TR R, T,
B U BIF AR A N BB aE B, BRI BT, MR
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Al RJE, FIFHMEMBIREE LRI 2R NP RIS 2C R 7E SSRM
B 0 7 ()RR AR R B Al b, A FaE— PR 7 A G U A K R (Combined
Semantic Spatial Relation Module, CSSRM) , #fiffxf37 5 W AT E 15 B HI78 5 FIH -

BeAh, TR BIHEAR MRS B R, a5 108 o #1177 V235 T 15 S S
A, X WR R DA T EREE XIS RAT AT RO KIRR 2 —. 3
7 0 A (] 1) A R A SR g (B2 AR A S R, R R SRR R AR IS
B & B RN, BORABR . AR X — Bk, AT BT T AR RO SR E
ST e %% (Adaptive Confidence Filter, ACF) , ACF AJ DURFEAEA BRI H AR i,
3 S e 4 e I R A SR, RIS TR E IR

2.2 IBX BRIE] K R FHIELREY

FREEI N BRI R ORI (PR EED B (k7R T 1 E
) FEEXR CnERAMAZ BRI, AU AL E 75 A 2 A 5
N 2 A S (A R . BRI, T DNIN SRR A RE 0122, RS Ry T i S
RABH (SSRM) , Pk 23 (1977 30 B @ Mg g st A s a] BRSOk R B 2-2 J&
/N J SSRM [ ARHELE

T }0\

5 S
®IT
| ]
777777777777777777777777777777 BT
77777777777777777777777777777 > BE
‘ﬁ A 7 Ji
> s s s \
\ g < < < \
| 3 5 (o) 5 |
© I £l +
N (2] <
| § 2 B 3 |
| r~ 2 2 2
| = 3 3 5 |
o@ o o ‘
I gr i s WiE i FoeR™ |
| J

150 to 256 256 to 512 512 to 1024 1024 to 2048

2-2 i E AR AEL (SSRM)
Fig. 2-2 Semantic Spatial Relation Module (SSRM)
B, N T AR SR R R G s (R G OGAE BT, K48 R 1 e RV HN
BB BN, DIIRAE #1575k & (Semantic segmentation score tensor)
M e R"™ (Hr1=150) U84, sk M AUEL & A4 2 (A5 S, HER T IR ZME &
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T R)a, M AEAMKREAN, BRI S 2 B CHE R, AR
Y2Y8 I 5P AR E) B TR SR B - SSRMUR AR B 1) B R SCHRFAE By e R (¢=2048),
Eag KA | e R SR B R TR

221 HEEN BFREIRRE

T4 SNBSS B B, 4305 S AR E . TS (70242 R
St 0 P DR A3 S S, AR, WS AR, LR A T K
G AR IR . A T SEARE SUB SO R, R T A S B A i e
(ACF) , BTG AR, 138 SHT I I S B iR

ARk, ACF FIFH—A>2x2 JEH A X M 1% 88 (Channel) #E47 P Ab 3
RN SR AN X I8, ACF HIGHUZIX B B S B (18 2. S M [ F i
HEATANEE , R T — B0 M e 22 . [ 2-3 12 ACF ST M 10— b, M
Sl 2 98 AN BRI, FLAEAN B AR T T M A E L | 1 9 B 4 B 02 1 J v
. TTE MY XL E SRR B, AN 30U T M o 2x 2| S o LA
P B SRR 3 30 L FE 9 L A 0 503 7 4 1 0 025 P (8 S 8 S
FIPR TR, ACF REBSHLRARIK B 510 LA RS ME S 0 8 S0 BIS5 SRS I . LA, ACF
AT BT J5 S 4 A TR AR, TR B A . R ERS 2.5 /N it
YRR A T B R AR

02 | 04 | 03 | 0.7

T los|os | ‘

01 | 08

04 06 | |

01 | 02 | 04 | 06

T . o508 0507

%5, C 01 02|02 06 | ..

Kl 2-3 H N B A7 DRI B St s 1)
Fig. 2-3 An illustration of Adaptive Confidence Filter
222 FEXAZEEE

FERoR, FIHEZEDL (ResBlocks) AbPHJE 5 ITE L #IfF K E M, LURRY)
PRIX 45k 2 [/ ) 25 [B] 56 & . ResBlocks Y5 F J5 465 1) ResNet50 22141221, f4 J AN SGB )ik 22
FA e (B ResBlock 2. ResBlock 3 fll ResBlock 4) o ZHJEE| M j) i #3818 R K
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G RS LA B I TRE SO R840 AR B B SAS-NetBIfid:, 75 JLANER ZEHe 3
5|\ T BB = S (Channel Attention Module, ChAM)B,  DLFS Bl X 2% 51 47 1th 58 £
TR . K 2-4 7T ChAM 1EH T ResBlock f7nE K. B HARMUL, 45 EUFIE
B FeR™™", ChAM & %R PR O LR E R4 F I G R, S35
TRl R FNF, o Fog M F,,, o0t — AN LR (1) 2 2 B4 (Multi-Layer Perceptron,
MLP) AP 5 IFZE e RN, &G, &id Sigmoid WS REACEE, AR Rl E v = T
M, (F)eR*" .

M, (F)=0(MLP(F,q)+MLP(F,,))=o(W, (W,Avg (F))+W, (W,Max(F)))  (2-1)

Hrr, o %R Sigmoid BIEEREL w, e RO Flw, e R™C0 2 MLP [ALE, fEAW, 2 )5
#A A ReLU WUH R, r =16 Z4THEL. Bif5, M, (F)#H TIMBURHER F -
F'=F®M,(F)OF (2-2)

Hrb o #RCE IR (Hadamard product) , @ FoRIoEEAMM.

=4
ResBlocks Pt
[ ResBlock+ChAM | FeR
MaxPool
woxh®x|°
FeR > T =
ResBlocks
AvgPool

K 2-4 ResBlock 5l T {1 & JJ AR5 & (17 A
Fig. 2-4 Illustration of ResBlock in combination with the Channel Attention Module
I R M A X TS ) 56 R IR, 7T DLIRAG 3 1 SO 7 )RR AE
Fs, BA&FERAN LT XUEE.

2.3 EEHRIAH K2 FFHESRE

LETHAZE] SSRM 115 Lo I ik E RO S WA BRI B A MSEEE R, N T
A EGZE 515 R, A %E SSRM F1 PlacesCNNIHSE &, M T 40418 LA 1A]
% i (Combined Semantic Spatial Relation Module, CSSRM) , [¥] 2-5 fE7x T CSSRM
1) BEARAE ]
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FS
15X rE] > SSRM 4H—
> M

PlacesCNN >
FR

K 2-5 G A ROk AR

Fig. 2-5 Combined Semantic Spatial Relation Module

2.3.1 PlacesCNN &R

AAEHE T W25 LA ResNet50 (2B Ttk 2 ) P2 LA ) PlacesCNNIOIEE AL,
AAEH NS BN R A4 475 (Red Green Blue, RGB) E{Z 1 e R¥™, &2 —
NEIRERHE Fy e RY o NGRS HARIUA BIEM AP RS, UTE MIT-67 £l
A B R AT VAL N, AREERAE Places365 FiE 4N kAT TALE IS MAE
Places_7 il Places_14 ¥#a 8019 | b4 8 5L 47 PSS, AREHLE ImageNet i #1281
AT TRCE TN

232 BT HHREERNE /B SRR

T (R AL FRAE R R IHHR AN T 25 [AIRFAE Fg e R AR EHFAE Fy e R™ . £ TFOK, WK
2-6 s, #EE T — AN ERBAEY, IS F A F 2 W EAME . I3 R AR 2
8] ) L AME S AT B 5 1 A ) 5% 8, 52 MobileNet™>f1 OTS-Net®af 5 k&, A5
T—FhMIEIE (Channel) 4EFE KA PHAMFFIER SIS, RIS IR E B (Strip Depth-Wise
Convolution) . 2.5 /NTRGHE I SE R 5 HAD A 28 M AT e, DL B R
X AREHAT FELH AN 4H
B, B R AR SN EETHRE, BEF eR™ . MfE, @id—2Z MLP X H
BEATACEE (i TR EL M LI IEE S, it Fr e RPC:
F":F'+¢(Wn(Drop(¢(WmF'+bm)))+bn) (2-3)

Hrb ¢ £oR GelLu BUEEREL W, eR™. b eR'. W eR" b, e R® & MLP HEEHA
SEREZRLE (Weight) FIfmE (Bias) , 1=8192. Drop % sEbFilh 0.1 HIFEHL%
TS (Dropout)
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(FreR™

K 2-6 2= R AHR

Fig. 2-6 Global Integration Module

b5, EILRRE (Depth-Wise, DW) BN F" & MEIHEFHEBULE, X F,
F, SCBLmIG AL FE IR AISS 2, DR ISR =% 2 0 AME B, B 5% R B Ak
fiE F° e R® s/ E il (A ] LA R A

2
Fo=>Kin-Fh (2-4)
i=1

Hort KRR KN 2x1x M BIRZE B IZ . K R my DN ERIZEN H T F H5E my, A
HIE, AR FeRIEm, MEEHE, M =2048.
Wa, RRFEAFHE FORIE N — 4% 2 DL AT S 2 03 5T«

2.4 JRIRFEABEENB

N T AR SR USRI R e, b A 2B ARG S R AT 1 2 A K 37 5 R Sl
5, AR =AY A R S AT T A 4

2.4.1 MIT-67 $iE&E

MIT-67 ZdE 4R 5 67 N E = A3 528011 15620 7k K 4, &gk
AAERAED ERDERAMET 200 85K . X SRR 0 A B F B, fik. A
X KIHZFTAA TS 5 K. BTSN RLBN AR5 EHENZER,
DA% 5 37y s SEAF I WA AR S BV SR AR, MIT-67 S B pkik i . 2l 4
& T LA R R R B B A O AL ST N AT S5, H T RS 3 T B R e 447
AR EZ /D 100 5k B, B 7S 7 R0E 2 80 sk A T IlZk, 20 5k
B R k. Zidls S an &l 2-7 fros
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i | e
(Bookstore) (Corridor)

(Bathroom)

" \S8 ~ K . u
J5 5 B = e £ 55
(Kitchen) (Hospital room) (Classroom) (Gym)

K 2-7 MIT-67 Hidfa S 1 #8730 1 52801
Fig. 2-7 Subset of scene categories of MIT-67 dataset

2.4.2 SUN397 #iiE&E

SUNB397 H#i 43 — AN 36 5 AN s R KB4, 146 T3k B 397 MR,
SR EETE 1108754 KB v, RRIKE 0 HEEE K200 500X 300 R . ixEdE LA
#5175 MEAY I 220 N EIMNG RN, PR 2 ARG T ENSNTER SR
A B RS R R DS, AN e 50 TR B A AT IR, B4 50 sk A TR
RS~ p Kl 2-8 fis .

2.4.3 Places ¥4

Places Z#i 402 H A K LA o RO BB 4E 2 —, idE 7 K2 180 5kl
2R MG 365 AR I E N AMA FE A, JEIe A N IETH A3 5 7 SR80 d5 LBk 1 11
AR, BN =FONaE T 5000 FRIIZREE & 100 kIFHEE . T H5HMERNY
SO T VEISSAN P LRI, ARSCR A T BRI P R ALRR AR : Places_7 5 Places_14.
Hr, Places 7 RET 7 RN =ITN, BFBE. B=E. EE. BT, BE. BT
IMAZ, BIRERBIWIE 2-9 Fis. i Places_14 MILFE 14 Fhs py3z 52551, 55 M
G b= BT, FEDAE. BB BT B = B, FE. KEME. A
BISeACE . Wik LLIIIE, BE Sl i i 2-10 FoR.
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L1 AR K A 22 18 5T

EhLLR L s i
(Airplane cabin) (Bakery shop) (Beach)

- A% B AU ' e
(Library) (Office) (Toyshop) (Hill)

K 2-8 SUN397 K 4L 173 1 53001
Fig. 2-8 Subset of scene categories of SUN397 dataset

HwE Eih 2 E R B/IT

(Bathroom) (Bedroom) (Corridor) (Dining room)

(Kitchen) (Living room) (Office)

2-9 Places_7 $dR4E 13 5355

Fig. 2-9 Scene categories of Places_7 dataset
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KEEIPAE
(Home office)

TR= H BB S FKEERE T e

(Playroom) (Laundromat) (Home theater) (Wet bar)

K] 2-10 Places_14 #5413 733 5255

Fig. 2-10 Subset of scene categories of Places_14 dataset

2.5 SKERE I

ARFTREHE 2L T8 X IR e R = N 3 IR AHESEAE MIT-67. SUN397 (H
H 175 NEREGD | Places_7 A1 Places 14 iX 4 NATFEIESE FiFAT TR, Ny
Je RIS AR E, ANl I 2 T Rl SIS IR SN LA R, RS TIR
155 e BT LR

25.1 SLEHEE

AEE G E NI EARA], 4 MIT-67. SUN397 (HUH: 175 A= 251D . Places_7
F1 Places_14 #4510 UE T 5k .

(D) BXE

FEAR ST A RS2, 15 X 0#] (Semantic segmentation) i F£H H7E ADE20K %k
M EFRIZ:H) Vision Tranformer Adapter™ligifr. %45 HIEIE 1 e R™S, 15 X
I EN 45 B — M35k & (Score tensor) M e R™™, iZak & m] DL kA BUEIE | Y
iy EIbR K (Label map) LeR™™. BRI AL (i, ) 35 SCTRINE AR b 0
M;; e R®, Hot | =150 /215 R M2 Al A, Ar2sE LAz & (i, ) A Ml Ly £ 1
HOG A B 1 SRR
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(2) INEHFTHESH

NIRNEZ A S 2 RME R, EIIZIE XS E & B (SSRMD B, 2
THER AT ORAE BB . DRG, AT SEE 7 —ANPF B (Two-stage) HJUIZRidHE. 1£
F—FrBt, SSRM HI PlacesCNN L 4 ALY 250 7228 —Fr B, W& E T SSRM Al
PlacesCNN HiHR AL E, 400 f5 2R gt AT I 5. RRILIIZRTRE, KA T ALI-G flift
AR SR ZMABH TR B E — DI I R SH, FEARTTIFTA SRR,
WWILRE G — % E N 0.1, MM B, N T RGNS, ER&MnReas
SN T BEHLRIE IE ML AR (Dropout) , 5 il R A 0.8,

A TSR AE PyTorchBSIAT SAS-NetBPe FFIRHELL N2 Bl 78 B KPFAN BT ik
IPERERT, SR T ARH#ER 10-crop Al sRBgE3%8, DULRIIE 5 HoAh 751510 A S L8

2.5.2 TR B3 E] X R ARIR IR HRR SC IR

A/NFIAE MIT-67 F1 SUN397 £ 4 48 B XA [\ A5 S [R] 96 2 ABEER (SSRMD 14244
BT TXTEVEAY, WHAE T BEN B FEUEN AR (ACP) Fl@EE & I (ChAM) Xt
ARG EE R . £ 2-1 IR 7 Seih st 3.

Nk 2-1 firzs, FIH ACF X1E X B35 sk AT I UEAL B, AR E 5L F 1130
YERE, ERIREFAE 7R . 5 EEEHEGS 2K EML, % ACF #4542 SSRM
J& s 15 MIT-67 B4R EUnER 258 & 1 3.43% % 5.75%, £ SUN397 £#ade I s
T 2.365%% 3.705% M HEMZIE K, RN, % AI2% % (Floating Point Operations,
FLOPs) Jik/b 17 17.89G. It4h, ChAM K5I Nidt—2 3¢ mE T SSRM HIHAIPERE, TMixAY
SEINT WU B SA

F 2-1 SSRM 1A [R] 2244 1 9 R 45 S

Tab. 2-1 Ablation results for different architectures for the SSRM

[ RIvpey A SVl MIT-67 (%)  SUN397 (%)  FLOPs (G)
ResNet50 T 64.403 50.529 27.2
4x4 ACF + ResNet50 yn 70.149 52.894 9.31
2x2 ACF + ResNet50 yn 69.627 53.035 9.31
ResNet50_ChAM T 69.851 54.624 27.3
4x4 ACF + ResNet50_ChAM T 73.284 57.4 9.32
2x2 ACF + ResNet50_ChAM 7 74.403 58.329 9.32
2x2 ACF +ResNet50_ChAM Places365 81.642 66.953 9.32

BROR, AFH T A ELER SFF ACF X SSRM R A TERE KI5 . 45 5L 8
7N, M TN 4x4ACF, KH 2x2 ACF 1[4 SSRM 7£ MIT-67 il SUN397 #4411
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WA HERG 25 BB N 1.12%F1 0.929%. X —ILR KW, R ACF fef M H 158 X
OGRS e, HE R B R B K B R ARG B E K. Bk, fEIEE
ACF (13 IR I, AR A4 2 OR BE 1518 SO LR A 22 18] ) ~TA8ET o AL A R 2
RE 4x4ACF T e FECE ZWIRE B AL, HAIAAE MIT-67 F1 SUN397 % 4E
43 BE SSRM IR B HER R B ZE K T 3.43%F1 2.776%, #t—F & 7 ACF £ SSRM
BRI O A

TRIE PR Seah 4 5, fE Rk E /) SSRM 22/, B 2x2 k/NK) ACF b3
VB S ES ke, ARIGFIFHER T ChAM ) ResNet50 ZRHHEAT j5 42403 . IR, 2
K 2-1 Jfa AT, ARTTIETE Places365 4 ik @ AR A B0 M EAT T BUIZR, M
AR AR AR Bl 2T 5 m iR AR
253 Y EREENFN

N TREWIEAEEXS SSRM 2, AT 17— RINEEER, £ MIT-67 Al
Places_14 P M4 HIRGT TR BAER X ) sl Bt Re s . B 2-11 JgoR
TERIGEE R, H R E1CR SSRM BTAIF (137 5t RS B 2R g, YE R IX R ¥ e
N 70 & 150, [8]FEA 10,

87.5r

N

=S

- —o MIT-67
3 7751« Places 14
=

]:‘[A\

70 8 90 100 110 120 130 140 150
YRS A

2-11 YA B AR (R VH R 7T
Fig. 2-11 Albation study on the number of object information

VE: 20 ADE20K $4f £ h RSN B NI, e T 0 BRI RS R
MIE 2-11 W LLBR R H, 375000 AR 2 5 i 4 T IO 44 A5 B B 2 I AR AE B 2
HIIEARSGME . BEEYI S BB BRI, R R KM B, 78 MIT-67 %
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g b, HH 150 AME SRR T 70 ME XEH], HAER R T 8.81%:;
[FIAEHL, 7F Places_14 ##4E b, #EmiZeitm 1 3.073%. M4h, HAEFEERZ, Yk
5EHEMIMIEA S RO ST . RO, RS B3 T i
JERUN, EEMIRM . B, 4% N 80 14 90 i, 7E Places_14 %
P E R ARG B R T PR T 0.143%, TfE MIT-67 #dide b, #EffR KT A
0.448%. 1X— LG O UL HTIE IRRAIIR R R BBIT . S5 ENIHRC
R AR IR, BRI, PIHAE S 5 3% 5 200 R AH G 6T SSRM A Rt -+
I R
2.5.4 FEIKFHER S RIERIXTLL

SR FTR 0 4 SR R 58 G AR SRR (R AL, A/ NI AE MIT-67 B4R EadkAT
TN, WEHT 2RSS RGB IRERHE F AE U ARFHE Fy FIJ715, kL 5PN 3
fEREAY (PlacesCNN A SSRM) #4T T EHEL, sLiesh Rinsk 2-2 s, AE T2, E
2-12 T JBIR T LRI R IR & 5mE o« Jorh, REAE 2K (Concatenation) SR ¥ /£ BORML#]
th R P LA B E Y, T35 L0145 (Semantic gating) SEB&JU7E SAS-Netl®rh4 3%
ARLFH o

% 22 MR 04 R B A BB A A 1 RS i 5236

Tab. 2-2 Ablation results for different architectures of Global Aggregation Module

A4

ghie i K (%) FLOPs (k)
PlacesCNN 84.776
SSRM 81.642

F 88.731 143.4

REAE 25 Bk 88.582 274.4

5 X 85.0 137.2
- T T T T T T T T T T T T S (T T T T T T T T T T T T T T T T
\ . I ] |
} R } } > > Sigmoid }
\ F v o | R \
\ — Cat > } \ — }
} ] ; | > |
\ |
| .

B 2-12 HFAEZR AR SCTT 4 1 B

Fig. 2-12 Illustration of feature concatenation and semantic gating
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R 2-2 SR EIR, TR ARG s, #IRESRAT LA S A B B 47 i M R
KR T 7R SR AT S IR TZ I U2 [HRFES RGB IR BEARFAE 2 (8] FLAME B 1 ¢
PR o B0, ARECTRRE LRSS BRIk TR BE (FLOPS) VM
FE, AEMERAIE A AT S, XN T R SRS IR R EAME 2 T AR 5
RAMAAZ, JeRiTE SAS-Nett® i R IO 5F R 8 SCI AL, FEASZIR A 1R 14 BE 1 2 B fik
(1), 1Lt PlacesCNN = Hi 0.224% . 3X A RE/2 K24 Sigmoid & B B0 115 X2 (B REIE
REE, MX S RGB RERHEM LG =4 T A2, X U BE S 14 ] REAN &
FH T A B (R 0 2% 3248 o o0 2% LU, 25 AR DR HC B A X P e R ML 1 AR AIE I AT
(1) 5 G SRS

255 EMBEENMREELR

ATTLE MIT-67. SUN397. Places 7 F1 Places_14 VU4 NI 5t 80 4 FE it R i
TIESA R ITEAT 1R BRARS A UM, BT RO RS R E S T B
EATS RIS,

(1) #F SSRM Kt

FEIX—HB 77, A5H SSRM 5 HAM A AR AE S 73| S A ko il 25 SRR I 5RO )
TIEHEAT TR, BRI 2-3 FR. N THRAFEUES, 1E MIT-67 _EBEATIER,
JeAE Places365 ##fa 4k Foxf SSRM HEAT T Tl Zk; 1 £E Places_7 A1 Places_14 ##a4E L,
TMSLIFAG 25 SSRM . T HAAR SSHE 7 RAE SUN397 Hidfa S EiEATI0AE, #iAs 1y
K RE7R SSRM 7£ SUN397 i dli4e ERI. MSLinss RaT LB E H, SSRM EIHLH T
BERMERILS . X — PR VA E A S RBESS F, W1 SO R 5 R AT ALY
B RN R

% 2-3 SSRM 54 S R I FL AL
Tab. 2-3 Comparison of SSRM with the state-of-the-art methods

A7 Places_14 (%)  Places 7 (%)  MIT-67 (%)
Deduce (D, )E 47.00 62.60
BORMI#] 74.90 83.10
OTS-Netl2 85.90 90.10
SAS-Net (SemBranch)l - - 73.43
SSRM 86.71 93.14 81.64

(2) ETF CSSRM Hythi
Nk 2-4 3R 2-5 fios, AN AT B 5E B (CSSRM) 5 HLA st
W RARBIITEHEAT T A . LBl E H, CSSRM 7EA B ERZ AL MERE 7 I Tk
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ZHINA W E NI SR RIRR . A TR EE S s R AR 11 SO JE 4 B 37 SR i H At
77‘/32[32'33'39'42'45'52], CSSRM JEHLHY 1 AR U RE, X ANIGAE 1 A FE 0] 15 37 6]
5 EMHR BN, WERIA TIRAWIL RGB IR FERHIE R R 5 18 4 [ R fE R 2 ]
HAME B HE M. Ak, CSSRM G T il 2 73 SORIS SR 5 2 RUEAE B
J7i£132.38.38 4558391 gt — PR T K st IAAIE SUE BAE R — AN EIOME BRI SRR
RN IA R . BRR Y, IXEESEEG S5 R 1 TR A VAR = A 5 TR
FR GRS 2 3 A
%% 2-4 {£ MIT-67 F1 SUN397 #i#ik b CSSRM 5 HLA et 5% i Eu s
Tab. 2-4 Comparison of CSSRM with the state-of-the-art methods on MIT-67 and SUN397

RS MIT-67 (%)  SUN397 (%)
Dual CNN-DLI2! 76.56 70.13
NNSD+ICLCE”] 84.30 64.78
SDO-Net® 86.76 73.41
SAS-Net!3?] 87.10 74.04
CCF-Netl3! 87.30 -
DeepScene-Net!>] 71.00 -
ARG-Netl*2 88.13 75.02
PL + AP +Al + IMB8] 88.06 74.12
LGN 88.06 73.85
MR-Net/5] 88.08 73.98
MASRIE0] 88.50 75.01
CSSRM 88.73 75.48

# 2-5 {E Places_14 il Places_7 ##a 4 I CSSRM S5 HLA Je it BIL I ELAR

Tab. 2-5 Comparison of CSSRM with the state-of-the-art methods on Places_14 and Places_7

Bk Places_14 (%) Places_7 (%)
Word2Vec!®H 83.70 -
Deducel - 88.10
BORM[“®! 85.80 90.10
OTS-Netl52 85.90 90.10
AGCNI62 86.00 91.70
CSSRM 88.71 93.43
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2.6 XE /G

KEME T —ME X xR SR (SSRM) , BIEFEAZIE A sh S 4524
7 e BN SUE R 26, FETE X IR B8 B 3 5 b 10 OB A5 [R5 SRR ok
M 2% (B JE A B IR, B fR SSRM BERS Lk T X MR RIIRE . AR5, Wit T —
AN IE R EE IR A (ACF) , 8RR T 15 S8 4 5 Rl SR s 5K 11 7L THD 52 10
AL FRTE SOy B A E VSR T — P S AT MR T %6 . (E BIRJERR B, MR T —
AL TVEE I Ul as R (RIS Uik i) IS 204, 1228584 T ResNet Flid
EERAIMLE], CAFfR SSRM REWS A1 BRI KB = A AG R . Bhah, #iEH|
SSRM K A\ yE 1 B MEUEF I RHE R, ¥ SSRM 5LL RGB EUE N A
PlacesCNN TR, FHET KM IREBT T — M RFHER G, RS2 A
FIF BB () B AMRRAE, dE ML R & s Ron . TE2 A8k Fitr
(RSB I0E T AT PR VR I st . 5IUE F3a SRR kAL, ARFE TR RIE T AR
STERE .

SO AR B 1R EAE AR (R 2 ) B R SOE BARTE T 35 RS B, (BR800 %
FEFE ) S A7 S B E Y AR RT e S BRI R AR AL A A . Rk, N —FE B Tk
Ub I R i, DA SE A R B M B AR B iR il
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3 S EXEEX RS LI RENERGHTIRANTTE

3135|8

ARSCH BRI 2 IR A2 I b 0 ) R SOE B B B R
BEAATE . B T2 RE R, Ssth YAt H s R A A EEE . 2
A — LR 5 B2AVRIE ) T R A AR B ASE I 55 R o X ey il v SN R 5
DRI A1, HEWT H 5 Rr € M IO B AR R I S P i, BAS 1R 2 R
ST, W 3-1 R, eI s S AIPE A T REAR R (ldn, s AT “REp
B YRR CIRT, CEE” R CRITT Wachr) CB=T7 ), RAEET YRS
LR AR T E Rk

K 3-1 — L= Al Rl

Fig. 3-1 Some examples of indoor scenes

ARERW TS RN EiR B, REBORIET AR A Wl 3-1 o,
S “RhE R b7 TR RE AT, AT REEAR X XN, KRR
NE—YRAEARF I 5 2800 PR 2 DU A R R (B, <R A0 9% 557 o “ R
MR ZR) o BT WR, ARRBERR AR R PWRIIEIIEZ /T, Jeokis
SE B ICHRFAE /) FL BX L o IR R, mhREAE AR N R—HEIX 70 AT M R
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SR . SR, BEZ TR A2, TR —YMEEAFE R soh BAA 1A RRHE,
TEART AR F Tl 7 iEBSUR I E H PR RWAR LI, . Fi2152, Transformerl®
R IR 7 —Fh RE VR R UALEI 2, RERS ISR T FIRHIE (A KR e &R —
S EETF Transformer )75 7R84 i v =& IH LR 2R R SR RRAE 2 8] 1) 4 R 22 AR FH A3
RERMERE. ZILE R, AEME T A2 R- R miS A, Dl 2w 1) 77 20
BN RRFIE 2 8] B4 AL B

BT R R, AT TR ENE TR R (SSRMD BRI b, i —
#HHEH T SpaCoNet, Eufx_xilﬁlﬁﬁi_i‘%%aﬁljﬁﬁ’ﬁ‘l‘ﬂéé/‘% (Spatial relation) F#yiA4t
Pl (Co-occurrence of objects) #EAT = M HAR A,

3.2 MABRNZEEX AL IMERNTRIRAESR

3.2.1 B{kEEH

————————————————————————————————————————————

RGPS
s
w7

i

i

! = | g (SSRM) | =P : I

ke M Bl — G

i l \

i : B®IT

‘ :
l

[}

| ;

E%E Max j=b 5 | H B2
A

'l = gl

EREFS L AR-REHR

] 3-2 SpaCoNet FH& 44 2a 1)
Fig. 3-2 Pipeline of the proposed SpaCoNet

K] 3-2 J@/n T ATt 1 SpaCoNet FUBEAAIRAE . ZHEZEERE LA F B, (D) i
SRR R, (2) @@%m@m&;ﬁ%, (3) BN RFHER G, (1) 2F-
JREBAE R, PLA (5) sy dRat. 18 X3ROk RAEHL A BT AR B iR 17 & Hh S Ak
DX 3 1) 25 8] 56 R IRRAE B s PRI SR BURSEH U 67 S 42 >k B PlacesCNN [RARFAIE [,
PlacesCNN 7£ KR %45 45 Places365°_Fib AT 7 #ilil %k, LA3k3 RGB K& m RN

XA BRSO ARRAE B, 3 A N R BIAE Sy BIRR 2 B, BOE N XN MR E R &
B AR HARIE TR SRS, 4 R AN RHAE B AT RRE SR A, AR O 28 SURHIE 7
Fl, HAGIXLE T F A 345 4 - JR i O . SRS, 4 JR-JR A Hod i v = L
21X L1 SURFE 7 21 NI BIOC &R, IFR X S8 3L S B 2 R R IE . B
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JG, GRDREAIAL I A R RHERE NI 5y 64, BT R 200 T .
3.2.2 X EE X FRR

U TE AR A M (SSRM) CUATES — S35 T HEAALH, AR AN dbt
FIAE . 5%~ S R RF R, AEBET SSRM &R FHIbLE, S
(BT % A 15 B SR — 3K, S SSRM 735 T 4T 15 L0 25 [ F F, e R,
S8 SUH AR B A B A B T R

3.2.3 BISFHER AR IR

BRAfEIE RSN, b AR & R S E B R R . BARSERRA G W
fas T —ERERNZ ARG R, HHEFEE S TRAYIRM M E R R, A
W R B B 8 I CAnigin ) o 11 @ A F5 A FH AR IRV 7 145 73 5K 8 M AN SSRM
NIRRT R R R MR . 2810, BT M AEEPERA G IRHEE B, SSRM #t = [X
5 Al Re HITEA [F3 5 R RS AR e T, S EC YA ILILE FR R A 75 .
I, T AN S B EURRRE SR EUBI . (Image Feature Extraction Module,
IFEM) , UDAREUSEB I EUGIRERHEF, o B EE F FF,, LU S E S f5
SR YRR Rk, BEIMIRATZ 8 5 R P AR I LI

BARKUL, 55 3 pERL, ARaRHEGHESHEE, & SSRM 51Eh
B A AE SR BT ER 1) PlacesCNN #H 45 & . PlacesCNN Hi7E Places i3 £ 019 EHiI1 25110 )1
T-5E 2] ResNet50 LM Al 75 ZE R /2, PlacesCNN HEER T ResNet50 H fitifb =,
JR AL R 22 5 NSF A YE (Translation invariance) , X A ANAS 1 £ S 802 T 245
TIEJZ R AN [R) Y s R AIE 2 18] (1 22 S (981, S PR LIS 17 5 St 4 s - Jad sl A st o
RINRE

AR e R, IFEM MILE R BRI E F, RS, SRR, RHEF,
AF, PR NAE SN SRR A e, SEHK I S R IE SR TR LSS 6. TR,
NTETIESA0EE, RN R SR B 3T 7if(E AR, R HR S F R
—

324 BN RIFHEREER

N T X AR AR EYAA, ATt 18 S RURFE SR A, R e
ANy B SR ARFAIE 73 BC 2137 55 P RO B0 b o 38 IR VRS 22 T RFAIE Fg AR BEHFAIE Fy
BN BIARLEE, w] DA BIIXPYNRFIE RS B X R [T SR 81

TR, B SSRM HERICLIE X EIE sk E M, BEMRYE M R
R A RS X IR Lo AR2E B L REB B ORAT N B A F, A2 O i BB R
PURFE UL FC B0 S 0 o PRI, I IR T 1 A 1)
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D S TR X BIBCRIR AR, Pl L W AT REAAAE B R, IXA]
REXS Ja & LA~ 2E AR R o

2) SIPERAILE: ARZEE Lo HR SR BRI R 2, HEREE 2
HERA 2

AR TR A SRR IR G U7 iAo R (e, AREER (S5 I HESE U 1] 3-3 iy

( WAERE
ACF —ea
H ! I S SN eSS _>|___|

: PlacesCNN
- or SSRM o
\ FEAE

K 3-3 15 S R SR A

Fig. 3-3 Semantic Node Feature Aggregation Module

o T S S, R R AR AR ML S 1 0 Y (S R 2
(ACF) , 5IM’ . 5, UGS I M’ A SR L e R>2 . IXFE—K, 4
ST NOE o)y LN

o T4 e R UG 5, FEAR S L IS, P S5 AR Bk B L A, L
AT F, TR, 30 BJG N I AN AR 5 o AR P S o A PR LR — AT L°

ofo e

PR ), R 43 R — M L 7B AR, DASRE S 04k o HH 5% £ PG A
RZS AL . AR5, A TN AL AL, B TT 3R o HOVR BERSAE 1 Bt X,y € RP A%
R X, e RS 0 R AT IR
x' = AveragePooling (F, oL)

rgh (3_2)

X4y = AveragePooling (F; © L°)

spa

Hrh o RE LK T (Hadamard product)
NG, HENDEIRER EHEEE R, THBURE R EHRE Xy, e R™ A2 AR

/El\q%?ﬂz Xspa S RIXC :
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0 1 2 149
X g = CONCAL (X, Xigys X X )

0 1 2 149 (3-3)
X g = CONCAL (X0, X Ko o0y Xine )
S s H X g T X g FRVIR 2542 - Jo) BB AU, DAERZR A SURFAE T 51 (L BAE 2

3.2.5 £ F-FHEkEiER

W F B —PMARIEA FIZ 5t b RO A F FHE, EBR g ke AmEH T
BRZAE SURFAE P P N B SR B M . IR, ASCETE T 4R - R s AR A b, 12 A B 1
VERE IR RS SURFHIE P2 8 WS R B AR RS e &, b M AR AL RN 88 4 R4S iE . B8
K 3-4 Frs.

DS & fERDES

I
1 | ® ax TEEBIA
- e | ® SERGA
ey | L JZ ISR )
T l T | TR Bl
BB Max = fRlgas | S
l 1 D | LS [ﬂ ﬁféflmw ﬂﬂj
s — | SR () () (mea))
- | N R R
Fre® | AT

3-4 A2 )R- R ER MRS I ) VRN 2 1
Fig. 3-4 Detailed structure of Global-Local Dependency Module

BARKUL, @IS W AR R AL, AR TIRERHEF A X g € R™C FIZS
[AVREAE T X e € R™ o B RE R 28 B A 2 R FHE SCRFIEF? 51 P4 358 14 1 PR S8 A s fe AL 4
KR F, BRI B F 3T 4 P A BE DR B B A SR RREIE,
B X A AR R AE 2 Bk A B X A Xga s AR ORRIE T B X, e RO I
Xga € REC,

Xl

= concat (X

GlobalAvgPooling (F, ))

rgb? (3_4)

X? :concat(XSpa,GIobaIAngooIing(FS))

spa

RN, 25 e B T S5 U AT L P A SRR B, kB3N T

BB N P e RUDC I PSS e ROV, LA B 5 5 19 15 SURFIE 7 51 X3, € ROV Al
RGB $HEFH1 X e ROV . SXkE—3ke, Wi /N #s TN

31



AR EE A - 27 1 S

2 1 b
Xrgb = Xrgb + Pe:;?b (3_5)

X2 =X. +P®

spa spa emb

FERIXIARHE P Y 2 MRS 25, EamIRE EA1S B N, R
JE¥ —E A GEK, WRBAEENNAERR. WK 3-4 Jrox, AEYCRHEE VL],
IRNYZIR T JR 30 SCRFAIE T R 2 [8) DL AGOX 69 f3 5 4 SR R 1 s 2 1) ) B B Al .
& T Vision Transformer?®, —Agafdag & =AMz JEIH—1b (Layer
normalization) . £ 3k HiE& 77 (Multi-head Self-Attention, MSA) F1 % JZ & 1l
(Multi-Layer Perceptron, MLP) . ZIH—4bH TG0, Eoma i iz fhse
1. ¥R MSA. ZJa, RHREEZMGSREEUERSMNE. N5, HXRNMHZEHE
—{k, Rl MLP % H it 85 R B & 45 o it o Ab T2 R R A HFIE X, € ROV A
A RAUHE X2, € R©VC [ A HFFE AT R M

X3 =X2 +MSA(LN(X?2

rgb = "rgb ( ( rgb))
Xt = X3y + MLP(LN (X2,
(LN

rgb — “Mrgb g
2
Xspa )

) (3-6)
X3 =X2 1+ MSA(L )

spa spa

X4 = X3 +MLP“N(X3))

spa spa spa

I PAGR IS o3 AR R X o B XS, IR SR KBRS R 2 J5, SRR
BRAE )T R —F R
X, = Max (X4, X

spa’ “Mrgb ) (3-7)

A R R SR K R O R R RoR, X RN —ANMRADHE, BB
G EGRHE S 2 HRHEZ B2 5, IR NIZIFTA B B NTERER . MAD3Rm4in 5
Tt FRARAL, ATRIR A
X3 =X, +MSA(LN(X,))
(3-8)
X2 =X;+MLP(LN(X}))
I IR, A AR S TS T R KRB, SR TR
RHIER IR X

3.2.6 T AKEE

N TSR R, RERRTERINUR (ifdas-idas 288D s /1y mm
JEERAT R T KR . BT IEE G, R T RS A A — RS Ay . )R-
JE BRI R B AR = A T RAL S IRHIER R X7 o Al 3-4 Fs, FE0 KB, X
P ARG ANHT BE (& R E T T F, e RS, fEARAMERER. FEEE 14
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R E VRIS I A W3 s i, 48 FH 28 SORS pR B8R Dy 2% R 2
g0

= Z::lexp( F, (m))
Hep, yREASTRE, F BB H SR,

(3-9)

3.3 XWMERSHH

RAE S AL BE, IFHATIH R S8 LAV 25 MO BT 5 2k i) AR B2
SRJE KPR TR S T R et U AT 1R AT

331 LK E

AREE N NI RARG, 5 MIT-67. SUN397 (HUH: 175 M= 2851 | Places 7
I Places_14 ##££ 5k iR 5502

B 5, 8 U EI R i 7E ADE20K FdE 42149 F I ZRIK) Vision Tranformer
Adapter®®HE T X F AR BRI e R, B U EINE R E— M 0KEM e RY™,
KR DU SRAE R | B8 U EIREE L e R . B A G, ) HEE SCIRIHE 2
PWRIRAM, ; e R¥, HoH 1 =150 215 SR A S TEARZEE L, A G, j) &rE
Ly o | HAH BT B T hR4S

HE T RMER -8, ASWRA TR BIIZG T . B iIlZE SSRM A
IFEM. 7E25 [, [EE SSRM F IFEM FIRLEE, {00 5 2Risdt a7l k. H ALI-G
AL EEBMRAIN K S ALI-G N TFHE—MIGF A FIB S, A LR xS
HOHEN 0.1, NGRS B, N THIEERE, E3Ra el b N T RYLA S
IEN4k (Dropout) , BEERIGEREE A 0.8,

AT iEAELE PyTorchBSIRT SAS-NetB g FFJRHESE T s2Bl. fEVRAl S & MERERT,
KF T FRUER) 10-crop PREAG SRS E32,  DLGRAIE S FHoAth 75k i A F LU

3.3.2 NEIKIEX T REFER & R AT LL B

R its S B A IR B S S AL ARG & 21 SO0 RURFIE SR SRR ) — > e i
AT o AT Y T SCRFAE 81, O T Ja SRR B 2R 1 SO 18] AR 22 o EE 2
PRIk, A b B0 L S gs e iU d & IRFIE R & 07 e 138 3-1 s, Ak 17 2
TR G RIS A AR EIARHE R . 2R 3-1 v, “idiE” AR e R B IER &
R BEsA: (ACF, VRIS 2 =) MJEIE Xr&f5r5kE;  Nearest 15 i JH oL SR {H
oRAE SRS B 225 € K/ Bilinear 7548 I XU A 1 (B V2K ARpALE P4 B 22 0 5 K
Mo NEFIREIITRR, £ 3-1HNIARERMIE T 5. AL, Bielidns
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P KA B4 & SSRM A IFEM (% HYRFAE, 28 ) 4eid 42 R P83 R R N 02
ar, LAESS RAFNILZEIERE, 95 NSES 0.
% 3-1 AFMFRER SIS MHRAE R (%)

Tab. 3-1 Ablation results for different feature aggregation methods (%)

S JorikE A K RHIE MIT-67 (%)
0 88.731
1 Nearest to 14x14 - 89.851
2 2x2 ik Nearest to 14x14 - 90.746
3 4x4 ILyE Nearest to 14x14 - 90.149
4 Bilinear to 224x224 89.776
5 2x2 ik - Bilinear to 112x112 90.224
6 4x4 - Bilinear to 56x56 90.299
7 Nearest to 56x56 Bilinear to 56x56 90.075
8 2x2 itk Nearest to 56x56 Bilinear to 56x56 90.672

WK 3-1 Fros, JoilsR AR SRR SR A hn 2 R AR ], AR & i 7 s A T
TR 00 X —ILRIGAE |42 5 - Ja) SR AR iR A Az A . A, WP EESEES 1.
2. 3; %5 4. 5. 6; DAKSRE 7. 8, WLAWIEMER], £S5 KE FATH ACF LLE
A ARG sk =28 T AR TERE, X0 E T ACF TERIFE Lo HI 0 7
s . [FR, EeERsSEES 2 5 3 WTRAKIN, (H 4x4 i jEI K ACF 4B 5 15715k
AE NP 23N 7 A (R AR FE G T 2x 2 i J83H) ACF, 1X 5% 2-1 FRILH&
BAAW) G, FIRESE TAENH ACF AbFEAS S sk &y, 75 (R 2 F8AE S SR A0 1]
B iR B EIIRE

BE—PHh, XTHESEES 20 5. 8 LRI, HEARFAE 9 (8 380 5 R RS Do Hoh AT SR
HE SRR L, TR T 1A 5N RS o X — B0 G B H I AT e 2 PR o ddi (i 55
RS R R PR B UM, BN TR SUR SR 1R 2 FC 45 RRAE I AR o 5%
SEEG 5 RIS 6 (1 LRt AT DLSCRE iR S8, XHRFIE BT ORI S B N &
it 2x2 ACF I JEHI1R 707K & (5250 5) fERAZE ERIMA I 4x4 ACF i JER K & (525
6) o X—IREHICN ACF JURI MY, HE— 00 T g SR e AT 46 (8 7 A
AT . SEI8 1S, A REIE R B AAME &G T FIR AT, b
REFE i ST AR IE R S A A BE AR o R, AT e 230 F 208 2 A C B8 A i X
FHIEFH, B 2x2 ACF b 345 705k &, A& iE Uhn2s Bl 8GRI L
AR BRI R ), SRR —8G a, KRR a2 B 5%y
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TEELES, R A E SURHE 5 .
3.3.3 A EIRmL 5 A& RERAIXTEE

NFE R EUR AR B LR (IFEM) FIHE Y28 (0] 56 R (SSRMD 72 A=
fEZ B EAME R, AT T IUMASE R gides 406 50 TR BIM . KRRk,
TCRPAHMA TG R B R R 3-2 87 | R SRIEAE MIT-67 A1 SUN397 H#f4E b=
ATHRE R SRR, JTURR R NE RIS TR 1 AL =M . AHBCTRE
PRI , JUER R A N AE SRS FE S S PR RE R R, JH R R B RE >, 5Ot RR
AR AHINSEBE ALY, SR S AEVEFEAH [F T R R SO0 R, A AR 1 o8
BAE R, M EAS MRS 28 AE 05 S0 R N MU ABATIE SCRFAETT S 2 M IR R Rk, &
1% FH 70 3R G R AE SRS AE N P g iR AR I 205 07 =X

% 3-2 [ G AD B4 4 7 I R R s

Tab. 3-2 Ablation results for different Encoder combination methods

AW MIT-67 (%) SUN397 (%)
TR BTN 89.925 75.965
AR 2 Bk 90.299 75.859
TR AR 90.373 75.965
TR KA 90.746 76.153
3.3.4 PELERR S S

AFTE MIT-67 Hdli4E b, XFFTHR ) SpaCoNet [ /MEE3EAT T H BT 7T, PADE
it LI A% O LR A3 W R M RE S . PlacesCNN (FE R3E2R) | 18 A5 IR R A6
Pu (SSRMD g as Mgt as (R4 - Rl i) o |5k, X PlacesCNN (¥4 th
FHEPAT &R PRI, Rl AR 2888, DUE A FRZR . FHOCISRin s
LEAER 3-3 1,

W 3-3 fizn, 534k PlacesCNN AL, SpaCoNet HUf5 1 5.776% IS E T, 6
UE 7 AT A 8] BRSO A SL B E B BRI E . tb4h, M T E AN
CSSRM 2244, 7] LA A Sd i 4% Jr)- Jr s RS ERR 2R 37 s v A 2 T 1) K R B ARG %
REREiE— DR HERf R FE R 2.015%, IX5MI T B 7035 50 9 P SR IR X T B i v
REENE, MAh, RIEERER TAUE A gD 2 % H AT 50 I ROGR, iTRUE 3
HMRSR T S BRI - e, X—4 1R, MBIDHREYHURR
PlacesCNN H1 SSRM  [A] 5 22 5, 301 50 A b2 98 FO R = 2% 2 (Al HAME B
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R 3-3 PIZRLAL R T b > BT

Tab. 3-3 Ablation study of all network components

PlacesCNN SSRM T R 2% e (%)
v - - - 84.970
v 81.642
v v 88.731 (CSSRM)
v v v - 90.075
v v v v 90.746
AL (PlacesCNN) [FIkS FEH2 T 5.776
3.3.5 $HERT {4k

ANHAT T — RPVFTALSESG,  DUsE M R R AN A BT 3 7 vE i Rtk . 16 %%,
FeTBA R IS5 ML (Gradient-based Class Activation Map, Grad-CAM) B93E47 34
BIRTRAL, NS 2% PR 2R BT Hh (R RS R e R RS X 48 R DG E X3k Bl S, A 4
HiBEALAR I #R N\ (t-distributed Stochastic Neighbor Embedding, t-SNE) [Ol%} #8445 4
FEARGEATATRIAL,  INESHE B 2% A1 P2 VPAs BT 32 7 3200 0 285 2 il P e 0 B 520

(1) SEHIZTTHAL

A 538 FH Grad-CAM SR AT LAY BT HE H IR EROGT I Gy X ek R 52 1 4 1) 3-5 BT,
MBI : TR EEUR . 15 Elah R, T RLHA (PlacesCNND 34y
Kl. 454 PlacesCNN 5 SSRM (BRZREZAIKR) F2AMMITE, PLREET B h i
SpaCoNet (iF—PIRZEDMARILINE) FIFATIE .

W 3-5 Frow, FiTde H R 0 HE T 2 IR DGR Xk, 9 265 R 8 B A Rt R
FHEG T RI iR AT S 5 . i, 7= s, R RSO IR (=
D, MBI NE R RERE GBI , MK KET “& /7 ; 78 SpaCoNet
O CEAAD , FEERAEY R T Pk . FR, EREER T, UURRE KRR
L LR S BN, ERIE s, RE A O R 8 2 R B g A ek ) <A
27 CGENAD o XK E KRN RAE TSR ARAE S, AR O A EL
im0 ST, BT AAETE 2 BEM X, PR R AR CGER
D R R TR “H4” o,

BeAk, FEREEIERT, TREBEAS AR MM 2GRN, A3 SR E LA
WRYEILBMENE NG 25, B, fENE s, UURR SRR GBS KAk
A RO RS AAR  SGE X IR CGE=51]) o« IXA[RERA “ST7 2 M RTP (W
J7) #ARE M. M2, SpaCoNet (35751 ¥437 SeAH R 7 L 48 VA - @A) &
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SEHLE, (EMZRRERE NN T ST BOURPRRAIE, ATt — 200 “ 57 W0
SN A HE X . SR, FER B, l T AR s (bl Tl
RHE I, H=AEFEIFIAANG “ o~ WA S TOBk A 3 . AHEEZ T, SpaCoNet
CELAD BT BEERRAERE RIS, 30k “ i v 5t i) 5
FIUR . XY T IR0 R T 45 G s R AR ) A SR B AE 3 500 IR B KR

LR PlacesCNN

S N 4
RGB E4% 15 U E| R (PlacesCNN) + SSRM

SpaCoNet

K 3-5 SLBIZURFE T AL

Fig. 3-5 Instance-level feature visualization
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(2) B|EL T
A5 E MIT-67. Places 7. Places 14 A1 SUN397 s £ (MR 2 b6 47 Hi 1

SpaCoNet FIFEZEEA! (PlacesCNND #EAT 1 VFAl, AEFEEXT LNk 3-4 Frox. b4k, NHE
MR EL A P AT R S N 37 5 2 R B8 IR, SRA t-SNEUOMAR, sl 7E 1K 3-6 HH 4
X LEREAE ) — 4 AT B BEAT 0T AL 204 B 3-6 1 28R4 7R T PlacesCNIN $ER 4
FERTAT AR, s 7R 1 SpaCoNet f i HARRAE B T AL, o

K 3-4 FROE AT RLAL BT Rk 7T

Tab. 3-4 Ablation study of feature visualization

UES MIT-67 (%) Places_7 (%) Places_14 (%) SUN397 (%)
32k (PlacesCNN) 84.970 93.0 87.643 73.129
SpaCoNet 90.746 94.286 89.714 76.153
MIT67 (2R Places_7 (%:£k) Places_14 (F£%%) SUN397 (J2k)
(I b 4 ‘o VG
wy"'- * “ £ Fg '
o g NN Ny alh e i AJ)A e v
¥ & "B i".‘ i 3 .' PPN A
g [P 0as . i . 'l.' o:“‘ , CE .:.:,"."-‘
g AL 3; . T AW
e ?" ? ﬁ?:ﬂ 3. & " gk “”:8
O y i N % v " ¢
MIT67 CFTd 7772 Places_7 (FT#77i%) Places_14 (751 SUN397 (#7715
o
» "g, R
;Zl"’ e o et
: g S G S * Fra
e K] # Lot e U Reegulitl
s e i » . ‘a’:“‘ - Mgl F" :
bowegt | LK B o (3R bogitia.
\ - ’ L Kol F t . 5 v
.. W ‘ 3 oy

3-6 WAL 7241 AT AL

Fig. 3-6 Feature distributions of test sets
e B RAGEKREDY, HRBER SRR E TR — 30 B E

WP 3-6 filras, AHEL T IELRHFAE S04, SpaCoNet 1 [7]— 28 51 ()3 S 4 1E 40 A7 B hn4E
H, ANEIZE A3 SRR A AT TE N B X R RAESIN ) Places_7 F1 Places_14
BHREF IR E, REE BRI ST D ., thah, BPEE & K&
MIT-67 F1 SUN397 ##E4ErH, SpaCoNet /5@ E38 5% T A EpRIBE MIAL T, IR
DT HFEIZEAZ B2 o XL G R, TR I AR AR A Ak (8] 1 23 5] 5% R A0 K B SE I 1
EPEm T EAFERI I EE ST, TR T BEALER I s (SR 3-4)
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3.3.6 SMBEZERMREELE
R 3-5 AR 3-6 At/ , A5 SpaCoNet 5 2 /N LA 1) e it 5015 4E MIT-67.SUN397,
Places-7 1 Places-14 ##E S (R M _ 34T 7 X LE.
# 3-5 £ MIT-67 F1 SUN397 %##4E I SpaCoNet 53l Je it BIE P LL AL

Tab. 3-5 Comparison of SpaCoNet with the state-of-the-art methods on MIT-67 and SUN397

=R i NS MIT-67 (%)  SUN397 (%)
Dual CNN-DL[?¢] 224 %224 76.56 70.13
NNSD+ICLCE] 224x 224 84.30 64.78
SDO-Netl2 224 %224 86.76 73.41
SAS-Net!® 224x 224 87.10 74.04
CCF-Net38l 512x512 87.30
DeepScene-Net!>’] 224x 224 71.00
ARG-Net!*2 448x 448 88.13 75.02
PL + AP + Al + M8l 448 x 448 88.06 74.12
LGNI?8l 448x 448 88.06 73.85
MR-Net[>] 448x 448 88.08 73.98
FCT-Netl®4 224x 224 89.17 76.06
AdaNFF[ 256 x 256 - 74.18
CSSRM 224x 224 88.73 75.48
SpaCoNet 224x 224 90.75 76.15

:: CSSRM NASCE — B th i 5%

ATLLEH|, SpaCoNet #H 7 KRZHINA T7i%. 5ILEREIFER H Y413 B Bhis 5
PR ) B4 3233394288 820k L AR EE VA SR I T AR SR PERE o X IO T @ IR N FZHE )
A ) 74 2% 1) 9% Z AN AL AR 14 AT S s O A R o bk, AR TR FH 22 45
RMS A PRI R 0 2 R AR B 7 B338455859) - gpaCoNet [FIFER L (1, 1Xi3E—2 ™
27 R HARAG BAERESME RIS EEE X [ERERNE, REF St oK
P 265 1) N U v U 1 v Ay e (28384258 89T oA 5 BT 8 M 1) 7 VAN A8 Y 224 % 224 Ty i
ANFGTESEIL T 5Bk PERE , A RPEK T AR IR TR . _EIAYERE thi g SRt — 0
BOAIE 1 T HR DT VAR 2 N B s R ) s A DB T R G R A R

A, A FEA AL CSSRM Jlit A 5t A 125 18] R SORRT I 5
Whl. S2ZAHE, AT EH) SpaCoNet 7 78 7 i3 5 N 28 8] B R S0k R A4 I,
PR ILIUE BT TR R, ARG 7 A Fg & A B M FE SR T S 201
FRIAARLIE 1) R, AT 3RAS T SEALBR R 3 5 R PE R
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7 3-6 1E Places_14 il Places_7 ##54& I SpaCoNet 53 A Stk k1 LL L

Tab. 3-6 Comparison of SpaCoNet with the state-of-the-art methods on Places_14 and Places_7

RS PN NG Places_14 (%) Places_7 (%)
Word2Vecl®!] 224x 224 83.70
Deducel 224x 224 - 88.10
BORMI45] 224 %224 85.80 90.10
OTS-Net®2 224224 85.90 90.10
AGCNI&2 224 %224 86.00 91.70
CSSRM 224 %224 88.71 93.43
SpaCoNet 224 %224 89.71 94.29

1E: CSSRM NAICE B i th 5k

3.4 KRB

ARERM T — DR =N R IRAIHELE SpaCoNet, i i [A] I A5 17 5% 4 (1) 27 [
G R A AR LB RA E R KR . B e, MRS — 5 R A S A S A Ok AR
(SSRM) $RHUI7 5t N A3 [8) |7 SCRFAE, R A PR RFAE 5 HURE B i Pl (5 B AR AL 5
RJE S NRAIRZRA A r R SR, I RX 0 AR st BAT AR R S
Yotk, $RI T —REETBIRITR, R ORI SRS SR A &, R o
BORAT 73 BV P AT AR ISR O RF IR = IR, A RIE R L3298 MDA vE SCRFIE
Fe AR, AT ZE B T S B I 53R os . AR — R BIA5E PEANSE B S
b, ABFIREIL T A TERASE ST

SR, AR E SRR 3 TR A A B R 3 55t N P A JE A 37 R
A, FCPTRRREME AT T o T — T R P B X R NS B R AE P A 2 1 %5031
PERIR, M u] g R (0 A BER R AS R0 537 s R AR ) 25501 7
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4 BT MikEIER M ERENZEASRIRANG Z

413|8

= W IR AR BERR R 5 I W ISR FRAE, I & 2R R A 75725
[ RREREIE . SR, 2278 137 e A o RS 1) e JLA7 I ) A4 A5 X Uk i A DA 5. [
BE,  n e SEECEAT R S A A R R R — B2 5 N 37 s AR T PR A% /el

NI FRFL ISR G ST, — LERT T A A KRR e B B O ZRIK G AR A R 25
(CNND BHATHFIEIEFE. W1 4-1 () Fra, IREEEEFRAAEmT MR 5325, il o i 57
E T 7 (27 28 T g i Y PR LR U N PSR AR R AR AE, ik — Pl i 3 Wi e RS AE
IR R ARSI SR o AR, TR ik e B MR I 8 I 2% PR RFALE 42 01 E 77 - SR
R 0 2% [ (AN S PR R RS CNIN R e i 2 DX AR ] e SR AR AR AR S I MR X I 42
P& R “ SR R VER BT 7038 B8 1m0 R A 37 55 A LR IR 45 JE 3R A5 B RS PR 1
BRI .

AR P AAE BB b SRR I, s 4-1 (b) frs, — e ypio e,
BFEASCH BN = BRI EE, Wit 7R T T RIS YRS SR AR AR A A
20y o IR XA RS IE S SRS &, ERCE R X IR A,
K 4-1 (¢ PR, WALy vERe3 el AE A A BE BRI PR AR R, R T IX
SERIRIEAL AR R R SR OE A o IX PR VEFR R 1 2 70 SCH8H, JhAZ A 3RS 5 AR
AAAZ S o AEIXFEF T, S SRF A AR A i I B AR =55 SRt &, B
Sty AR R A, FTRE S BU A RNR S I s AR AR A R

AT TR ERRR ], T ey SR U AT SO T 45 R RE, IEIIR R
PR IX ek A] )T SOk RSB SR o IR LT VRSR B 1 AR B S B AT R A A
HI, IR 1 S TERE . (A, XEETTIRMUA TR A XA — LR, BT
XHEANED AR BRI BEAh, ORI DX A AL ) 7 AT R 2= S A R AR R
M 55 R AR AT, B R, el vy ik REER e s g H ok, i
AR M LEAS 7 7 5 (R H IR R 2 R R, AR SN 5 S T PR AR K R s
MERZSZ B E 2 R i, Wi 4-1 (d) Fos, SRHEE RV RERBUR 2217 5%
AL T8 AR OGNE b, B A HERE AR BB R SO SRF AL AT S0, AT 26 BB 2L 4 5]
TEB RS
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’—> Y RIPERLE —l
; B PIEEE LI AN
WHEE s A .
A — > t‘;
—» | g8
— 4 = 1 . -> &
my Ll R
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Fig. 4-1 Illustrations of existing and proposed methods

4.2 BT HEELR M ERRNERGRIRATGE

421 BIEEEH

5T IR TR OS2 T S B MR TE S S RO R W B, e X e R AR A
WAERE s, SESM ST iR AAER S YR E . X — DR A & 5ok
5 B RIPEYIAR R DS SR e, DASRAS S0 2L 1 ) MR R R

b 2 R ) Bk AR e B AL S AR A O I SRR AR A L B SRR . R T
SDO-NetP?,  AHF 52 R FH UL W MR ge it 7 vk, M 7 — AN 4k 1) 4 5 1 DR A

(Inter-Object Discriminative Prototype, 10DP) , VAZEREY1AZ [AIIA S . 76 LRt
b, FEFHE (Graph) i 10DP HF)SLIG AN 53 SR b &S Ad k. B AR E, $2
H T — AR N 4% (Discriminative Graph Network, DGN) , 7E DGN 1, 1%{%%&13‘]
Yy SRR e SO AT A (Node) o G831 SCor B AR SRAF IR L6754 B YA
J& > A IODP i g 3X £6 747 s 2 [A] ”P%"J‘Ti?é/%?ﬁﬁ#%ﬁf*?%?ﬁﬁ%ﬁlﬁ‘]ﬁlﬁdge)o
DGN i BB #1E (GCND LR ME R B FRE, &R B G
JTIMEUE RN . B 4-2 JE/R T AT HEMMESYE TERRE, 2T RINE N ZREE
ITVEAHE IR
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Fig. 4-2 Overall workflow of Inter-Object Discriminative Prototype and Graph modeling

4.2.2 Prikia) st R E

5% SDO-NetBPA JE ., At 70K DU BT 26 G v 7 VE IR N Y2 38444 11 . SDO-Net
FERVE AN YRRE A . SR, B BRI TR S 2% B AR 2 1248 1 SRR 8] ) 25
AR, AT R R T IREDARIAN P R RR, $EH T — AR TR 4 ) 1 S
A (I0DP) , WK 4-3 Firs.

- e
Q0.0 Q0.1 - Q0,L-1 Qo,L
i
Q, Q - Q.0
< M - Ja 1,0 11 LL-1 22
- -"U —_ q
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tb ‘_‘O :O |
o —i %) | L-1,0 QL—l,l - Qg QL—LL
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Fig. 4-3 Process description of constructing Inter-Object Discriminative Prototype

T BT SRR R GRS, ARBE R IARA R R 5.
Nl 4-3 s, B SRR SRR SR T I SRR TR U B, JfEid gt Ty
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VEHHE AR HE SN Gt A B L. 458 — A C AN RN BIE S, F S, Fow
Hic, M, cefl2,..,Clo it abF S, it — skl aTLliHE Mo Mo, [
I HHILAE S, T3 P(0,,0,[S, ) « Places_7 F1 Places_14 {t#i 4 it s S AR 7 2, 3%
DU T LB 5. SR, MIT-67 A1 SUN397 %idi 42 AR X PR ) At & U 5 B s 4K
FREIARM TR DRI, il BN R A S 7] 531 A 55 7 A B B rh i L
2, B S5 T 5 o Mo, M43 A, Ff % S AR RO AT B 40 4 P (0,0, S, ) »
MR R % . EIR R rf R A

o Places _7 or Places _14

P(oi,oj |SC)= : N x (4-1)

P(0[s.)P(o;]S.) 7 L, MIT67 or SUN397

SC

Ho, N FoRIRIE s, I sEBl RS N, | FOoRFIN IV o, Mo, ILpIHE. N,
RN, 705l I o Ao, My sE Bl dicie, Forvi A j INEUATE RN L L], 1T L Rois Loy

FIBCARF r BI AR . A SORAEE Y 4.3 Hofent Bk iyt 55007 207 A i 1 e
AT A
EIFEBIA MR iz 5, BirdEs - 5 it A X HESH

P(S|0,,0;):

P(0,,0;]S.)P(S,)
>.P(0.0[s.)P(s,)
Suh, P(S,)EAIEKS, R, P(S,)=1/C .

25 E Y SR 0, Aoy, W LAY A 37 55 2000 A 2 s B R RE R P(S|oi,oj) :
P(sl oi,oj):[P(Sll 0.,0; ). P(S: 0,,0;),....P(S¢| oi,oj)] (4-3)

Kl 4-4 FIRALG T EEXS AR 528000, MARHR, kY, (b, STHAI{EE, MG
AR R R AERE . FTRUE B, PR, MR} U0 R E st R s iR, 72 Al
Yyt BoR N BURHIMER, KUK, MUEKPRARER S ER . M2 T, {5,
HUBR AT BT A 3 e A S 00 AR AR, R AR I s R B BT . {HAR, AT}
R RIPE R SO TR, BRI, ARy 18], SAR, o SR 2R 0 I 201 FR) U B
K DR B4 PERE 7750 . JE T bR I, AR HIR A P(S|oi,oj) 1) S R FE AT = o,
Ao, Z [ B A DG RE, 5 1 UM F e bn i E B R 2, B ZE R L britE
Z o B RS ov:

P(S:0.0,)= (4-2)
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max(P(S|oi,oj))—min(P(S|oi,oj)), R
6,,=1 o(P(s]o,0,)), o (4-4)

O'(P(S|0i,0j))
y(P(S|0i,oj))’
g, R P(S]o;,0;) MESHURLEE . o()IRE P(S|o,,0; ) MIbRHEZ, () 1RFEP(S|0;,0))
(R R ET 258

HeAh, BT R AR 2 T EUR B g (Bt , A REe BB A
(1) A 1) 46 o) e DR 28 s A R e 5 S B o D9 1 B R OX RIS LI A, T Bl AL
0, FEFI S BIMEAI M O,

cv(P(S|oi,oj)): cv

Qi,j = 6’.; (4-5)
MIT-67 R4 Places 14%iE%E
P (SR, L) L0 PSR, B3k)
0. 41 P (S| Hutiz, 4T) P (S| HukR, 4T)
—— P(S|H, #ub) 0.8 —— P (S|4, Hitk)
0.3
" 52061
= =
Ho &
50,2 Eo 4l
0.11 0.
0.0 l’Ju‘ - A TN 0.0
0 20 40 60 0.0 25 50 7.5 10.0 12.5
el Y52
(a) MIT-67 H#i4E (b) Places_14 % 4

4-4 JERMEFEATILAL
Fig. 4-4 Posterior probabilities visualization
KRICKAET T 4.3 BATTHRNSELS, R E YA ) S PEAR PR e T 3. 5
SEAEN ARG 1) ) S ) PEAE DR T, B AT A 2 ) A ) S S 1 JR Y Qe RY
(10DP) . A:jk IODP [ RS WA % 4-1. 10DP 1] LN #IE W 25 S22 5 (1 4 s e
SRR .
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Hik 4-1: Wik ) R B AR

Data: L ARZRE L7 #1770 H RS0 i B
Input: C M7 FEFEMIMIIIZRSEH]: S, c=1,..C
Output: A [E R MEEM Q e RM

1 for c=1to C do

2 FRHL S, W FTA S5 118 Lo EhR 25 K s

3 for i=1to L do

4 for j=1 to L do

5 WP ARAE R, FAMUSEBL P (0,018, )

P(0:.0,[S;)P(s

6 P(S.|0.,0,)= it
(3090 5 B0, 5. )P (5

7 end for

8 end for

9 end for

10 for i=1 to L do

11 for j=1 to L do

12 P(Sl 0,0;)= [ (Sl 0,,0;).....P(Sl 0,,0;)...., P(Scloi,oj)]

P S|o,, o
13 g, =c ((S|oo) 0( | )
’ ,u(P S|o,,0; )

14 Q=6

15 end for

16 end for

17 return Q;

4.2.3 £ 7114 E LK

AR R IODP 517 st (E ) S A e Re 11, AT HRE T4 50V W 2%
(DGN) . K 4-5E/x T DGN [FIEARAE o
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AR

M'eR*™ °0 ~ 00
@0 ~ 0O
s 00 ~ 00 s GeN
z f

M e R 00 - 00

Iy R
— o

L Qo Qo = Qi Q " GAP i”i—

| > N )T

Q, Q, ~ Q.0 f_ El‘ﬁ

. L Ji
¥
E
H_
g

H : H ' : _ .
Qi Qg Qs QLfl‘L /
xhyxc Q. Q - Q) Q
FeR™ L0 L1 LL-1 =fLL : ﬂi#;
\ 10DP f, i LEIEEN
RFE R T T

— & Jraty

4-5 SEEM% (DGND [fE ik Tite
Fig. 4-5 Overall process of Discriminative Graph Network (DGN)

. ARHUERREOSRE WA 4-2,

Fi% 4-2: ) 10DP A 3ZEUA #L 3 5] PE AR IS

Input: V=[f,f,,..f,.f], IODP Q, M"=[m,m,,...m,...m]
Output: A% 5 TEHIR A° e R™
1 for i=1to n do

2 MM HERTG f X R AR TE S m

3 for j=1 to n do

4 MM RS |0 N AR X m
5 A(?j = Qmi,mj

6 end for

7 end for

8 return A°;

(1) HER

e BB e RY™Y, JE U EIRR KPR M e R™ . B2, 1 FIANEIH
2% u%mﬁﬁmﬁaﬁﬁFewww;%F HIEX M ST AR S, A
5F ¥R -BIM e R, M/ ATHREE F o e AR R GURHEXT R YIRTE SUE B .
BT I LRI 1ODP, AT T —NEANEEI G =(V,E, A), bV RoR BT AL
ERREIMIL, ARRAHAERE. uﬁ%ﬁﬁmﬁﬁgﬁﬁ%ﬁ%ﬁﬁnﬂ,ﬁﬂ%x
WA SR AE I R IR A 8. i 86TV E AN, 328 T IODP RN BA AR R k2
mﬂwﬂ%%Zﬁﬂ%%ﬁﬂ%,ﬁmnﬂ%%ﬁ%%ﬁ%ﬁﬁLnﬁv PRI
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REPSYI STt

Bk, BRFIEF PR ARNBR R B EHT W EE A
V=[f,f fin £1], B e REFIRF 0, MERBIFE, n=wxh . 3552 [H
(11321 E e gmAs 10 s REAAARTE SCZ TR B SEAIPE DG & (fH 1I0DP #2648 o SAfE T-Aab2,
B M N — M =[m,m,,omy e m ], BLSV AR S . n A
TR ] A H S A PR AR A® e R™ AT LLUdE L 59k 4-2 M 10DP Higlut K. LLA 4-5
N B A E], B 4-6 JEIR T HIRII A° (e R OR

T A N & PRk

AO c Rﬂxn

O - 00
@O - OO

0.8

o0 - 0O
o0 - OO0

A 25 53 1 SR

0.6

0.4

Kl 4-6 AL RR I E MRS

Fig. 4-6 Qualitative representation of the local discriminative knowledge

W1 FTRBLRE R R A, TR A” R T R 5 I S MR

VE 2: BRI, AR 2 T8 ) 55 R AR SRR 5

Wk 4-6 Ffrs, A R [ ME R T XA [O, 1], XK TS SiAb HE
b, 6 AT HEATAT H— AL B, AR R T AT R A

A=Al /sum(A) (4-6)

I8 FIRB R, RIA] R @A B S RIPEE G .

(2) BIBIRFFERSY

AT A PR 7R G =(V,E,A), KV eR™ART AL, AeR™ZM
NFIAR RS FE . 5 R R KA AR (Graph Convolution Network, GCN) 7 E&ftAk 5
PR, BRI TR M SR, DISRAS R EEB R R . B GCN RS
AR N
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V* =n(DAVW)
A=A+1,
Hp v £RMMAET SRR, W eR™ 2l IR ERMFE, d & GCN IFEmYEE .
D= ;A& AIRIEEFERE, nRmoE %L Sigmoid .

MBI WA, AR —EEGRERSRAERT SERV eR™,

(3) BT RBNFHBBR

STV N4 ¥4k (Global Average Pooling, GAP) , Bl 3R45404k 5 1 K44
Fon 10 HERR, B FORAN DN RERE AT I . VISR B, Softmax B
HORNAE SURHR R BB T S 2R R o

ARSI @R MR, K 1ODP Hr AR (] e 58 AR B R e, AR R
EUR R R S ERE 7o SRTT, — /NIBAEM IR FEVIZRT B, X8 T M2 S 4500
A BE R . SE B AR, JEiE DGN FIH 10DP H I E] S 56 AR i 37 S
TERY S, BEARECD 7RI R, (HIXFh40 2k T B ] Re 2 5l BB+ M 28 S H0K I
B, ORI — 8, AREAAE DGN HEINT — AN B 2888 . %0 AR A B AR B
PR LT TH T AT TS5, T 2EH RS 4 %

HARRYE, A MERRY $UEN GCN ERFEN, Wi — 12 2Bl
(MLP) . MLP ZERE S GCN ZEHIFEUENEW L=, DIFRSE — 5k, bE)E,
7 MLP ZEim— "M lBhig a0 d58s, CUAERGRB R, o BEFIF 10DP #4155
S SRAFIE SN VERE 71, XRER T BTSSRI, FEFE RS,
Pae b ) Y YA R B aE T

WA A RN, B RTA B R Z k)

=1, +Al, (4-8)

(4-7)

b, AR HEHBSUR ST R S . TR, WBUR R TlgRad e

4.3 EWERE D

ARATE )2 AR L SIS B i iR A N S SR R A R . e S
W BT BEJE, RS E R AE, FEXFrR ikt AT TR L B
Ja, FEARIEHT T MEAE B AE R .
431 TR E

AwEEEntE NI EGAR, #H MIT-67. SUN397 (BH: 175 M= W35 .« Places 7
F1 Places_14 #4850 UE T 5k .
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(1) BXHE

5 AT R E AR RE—B 15 R FE 7R ADE20K £ 24 BRI
Vision Tranformer Adapter813E47 . 25 18 B8 SCoEIkE (1 [ A PR, 78 28 i S ElAR
BT, H T BRI HENEE ISR (ACP) B X #1453 7 ik E AT
TIAEEE . g m i ERCR, BREE X RIAR A AT I A0, WIRE R S
T 28 5 I RFAE I — B, REARH N2, Rma PR Re iRtk ge, HIXIE
AHI T TAEE A

(2) NEHTNESE

T8 N BRG] 5 l 224% 224 . FEIZEF B, @it Adam fpfb sl
XA HEAT T 30 AN JE B (Epoch) Ik, HPATE Z%035%H Xavier #14646i3E4T 1 BEHL
WIaatk . EIIZRRIRIAEI B, EIEH ) 21 %0 0.001, JFAEZE 10, 15 F1 20 P IZR)H
WIS R R R R R0 2 —o N T REEIN SR T NS R E PR B 1, 7RI WIUEIY
B A ) g e B O 0.00001, FEEE 10 N FAARE— Db BRI+ 02— Ak,
i T BCEZER (E 4 0.00001) X B HEAT [ IEMIALALEE . X MIT-67 A1 SUN397 %
a4, HLAbPR A/ (Batch size) ¥N 32; *FT Places 7 #1 Places 14 ¥4, T HE
KR E s S AT BB PR SIOR B, AR BE RN Dy 64, A SEERALEHD NVIDIA
3090 GPU - %:T- PytorchPSIfil SAS-NetPIHELL 52 il . LR SLIG T EH AV, BT Il 25
I FE R BE LR 9 15 B N 304,

AR ConvNextSWEJy i T M4 A TRFESEEL . N T4 VR, R HTE
ImageNet 1kU8_E i)k ConvNext_Tiny HEATiH@lsLLS, Bl 5 RATE ImageNet 22k[8
EFVIZRE ConvNext_Base VAL FTIRTIERITERE . ETPA S AVEREIT, KA T ARiER
10-crop VAL SRAEESSE,  DUGHIE 5 HA 5 ik A T LR

(3) Hk

NETJRERIR, REME T — MR, 2R BT 2% 0% HREAE o
AN, G PEALAN R, FEiEE AE R BT R T . A R R E N S ST
SIS FELL .

4.3.2 a4 A1 R B RO T AT ik

ARG HEAT X LS 5S DA e 21T 4.2.2 AR AR 1I0DP iR THAE T . AT L
B, AR SR, EEEEa R A W E N 1, GCN TS 4EE d L&
N 768,

(1) NREBEEAIWEILIHF 7 Nk

AR T ASE AR IL I T SO i 2 )37 SR A RE R . N T T B

B, X BEER SR ov BT BRI EMEAR ST . SR 25 Rk 4-1 Fos.
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KA1, “HEMOLOAG T fRIEEE G AT SRR I A, RIS (4-1)
N
ﬁ%%i%gﬁzﬁ“@ﬁﬁﬁ”%%ﬁﬁ%%%ﬁﬁ%ﬁ%%%%ﬁ,ﬁ%?@j

N, xN
2

N L EEZAN S IR (4D .
SC

[l o A BB A S F LB A, B (4-1)

R 41 AR X0 E R ISR (%)

Tab. 4-1 Effect of using different ways to compute the object co-occurrence on accuracy (%)

GRS £ 2511 WV i} G i

MIT-67 81.791 82.015
SUN397 66.094 66.471
Places_7 92.714 92.229
Places_14 88.571 88.5

R¥E R 4-1 gy B, mTLLMELSILE Places 7 #1 Places 14 #t#i4E b, LLE 1 7
THEPA AR B SEIEZe 0 A (B “HEBRNL A" D P22 T AN B v Re s T A7E
MIT-67 1 SUN397 ##ufk b, FET PR B ST Al 38 — 2 3Lk (R “
SEAMARY D WEBLE AR IERE . X — RIS ET 4.2.2 HITTERRE 8, TTREET
ENEE /e N Eii =t

BT BRI AR, AT G ST LI, AR B S B AR AN [ (1) SR
HEDARSEEE . 6T BE R AR MIT-67 Al SUN397 $dlide, K “BhSriofi” 7
UM TS 7S R B 1 Places_7 1 Places_14 H(#E4E, NIRA “JE
Moy An " I A E ARSI

(2) WA a] S5 75 oAl RS B A B 07 Tk 3%

T AR A2 A AR FE I B AR 7 2, AR/ NIT RN B AT TR (4-4)
A (4-5) H LR AR AR S L AR AR PERE RIS, 25 R 4-7 FoR. (EE 4-7
FH 20 [ P 1 5 e AR sk PR i . RARERMZE Range , o [REMRHEZE, cv
REEHREL

W 4-7 fras, RIS 0, Tei R R R & 7 ST AL A (] R 4 AR OCAR B
B th M EAE T A Bl 48 BB 3R T WM& PERe, XiE—PIRiE T H 10DP A%
SR A FERR LS B0 AR A B ME R AL RE . BEAh, AR AR By 2, e R
BT P IR 338 et 1t — D3 m iR kG B o IX R BLR RN, fES Mo A i fE e,
2T S Ech gl E R (i), ATRE S EGTHE YRR 50 M 08 & L SERR
T AREE, PO ARFE AT DU SR AX — . EAERENE, ERZ L L,
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Jov BB T EERIRGIMERE . DRI, FEAR SR SEI BT SEB Y, Y4 Nov A B kI
SEMEAR SRR SE o

w
|
|

—o— MIT-67
SUN397

—— Places 7

—&— Places 14

R (%)

704

651

7 N N N
TS IE
A-7 AS[R]RIAA TB) 5 ) R B 1 i 2 =X R

Fig. 4-7 Effect of using different ways to measure inter-object discriminative correlation
e AR CORLAAR (5  F E FRG FEE A ve E)°19
4.33 EBSHIREFE

GCN H /NS H, BIFSRAERE d FARBN R R A, RAR T kM Re A & =
B, AN BL ConvNext_Tiny /E 8 T M 4%, 8 — R 5 230 HH 21X LS S50 1 i
(NI

SR FA R B 4E FE d o B AR RS B2 B 52md o DT ERAR, BRI A g E
1. & 4-8 J&7r 7 ARl d BRI 0AE BE P2 AR (R o, rP i R 26 i — N 2 Do fH B A
o 7K 4-8 1, In_ Dim 45 HH BT I 48 5 HU R REAE B B8 8 4E 2 T ConvNext_Tiny,
In_Dim=768; *|7T ConvNext Base, In_Dim=1024) .

W 4-8 Fros, — /Nl B Bt B g in, UM e 2 2 B
MERAE G KB In_Dim J5, #EFRMEITE TR X IR AR 1T w1 B4t
FEFE TS ME . BT RIS, K EE4ER d B N In_Dim, fREFSHH
HERIEVER RIS, 8 b i H0L A R XU o
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%01 — e

85
= -— —— —o
= 801
§ —e— MIT-67
& SUN397

75 —— Places 7

—&— Places_14
701
2
65 1

nDim /4 InDim /2 InDim  InDim*2 In_Dim * 4
oS T 2k 1

4-8 GCN AR R Bt 4 2 ol 1) 520
Fig. 4-8 Effect of hidden dimension d in GCN

VE: S oML 50 LD R P A v T

b TR d , FHBIEVR R RIS EA IR 8. EEY 4.2.3 Bk, B
TN 10ODP H1 S 56 AR B 2 - I 285 R4 1 R, (LA ] RS T I 268 1 65 031 M e
DAL AR AR o R AX — A, I ZRd b gl N T A Bk, DA4ERFE T+
RIEA S RTERE ST . R 4-2 BOR TR A SR A s, SR ER, EHHEE
MIT-67. Places_7 1 Places_14 I, AW E N 0.25 i, MALEBERAENERE; MEEEE
££ SUN397 |, A &E N 0.5 K, AERERAIL.

% 42 GEOTHIIR ST A 64y SRS I R (%)

Tab. 4-2 Influence of A on classification accuracy (%) when combined with auxiliary loss

A 0 0.25 0.5 1 2
MIT-67 82.090 82.239 81.791 82.164 82.09
SUN397 66.741 66.753 66.929 66.776 66.506
Places_7 92.286 93.143 92.143 93.143 93.086
Places_14 88.357 89.071 88.5 89 88.714

LIRS E T RIS E . BRI X MIT-67. Places_7 Fll Places_14
a4, {d=In_DimA=0.25}; XIT SUN397 #i#i4E, {d=In_Dim,A =05}, Xk
SR B A T R B S ER ( BRA B & .
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4.3.4 PILRLB R AL 53 S i

AT MIT-67 11 Places_14 45 4R, X rig /& HiAT 7 A iV B 7. 65,
JrHr T AE A 10DP [i] E 28 I R FR) ik 2 T AR S 56 AR R 2 e (AR I XS et P
IODP) ; #R)a, PRI 1 A S AR PR M RE R DTk SESG 45 R INSR 4-3 o EE,
PANAEDABY B8 A 10DP B, #2B% 7 GCN JZH (1 a2 Flises i 2, Rk (4-7)
FHV* =n(DAVW) LAV = DAV o IXFEE RS 1ODP HH 1 2 56 % 1 B 4 R A 3
WIZRIF I FE LAY

% 4-3 £ MIT-67 #1 Places_14 #4545 I (AT 7T (%)
Tab. 4-3 Ablation studies on MIT-67 and Places_14 datasets (%)

IR A I s

Hz ENE MIT-67 Places 14
2557 |ODP 1ODP LEIE TR S_
Vv - - - 78.731 84.5
Vv - 79.478 87.357
v v - 82.090 88.357
v v v 82.239 89.071

TESR 4-3 1, S A R DUHAR R Y o, AT A5 AL, 43 A /E MIT-67 Hl Places_14
e Bl 7 3.508% M1 4.571%HIERESR T, IkAk, A 1ODP [n] Il SRk 1) HE 4 0 2%
PRALEIG KN ((UAEDMA R 10DP) , AR R $E AR IR B, R m &1
Places_14 ¥#i4E L 42T HIBEIAS] T 2.857%. (HARTENIZ, X — B E R EA I %
HPIN R A AH BORT B AT AT P 2% S T4 S SEILE), A5 R 7 B5#EK 10DP M H T2
SRR A R, A JI5IE T IODP H I S5 P S 56 A R i B, DL & AP (Graph)
£ FE R X B S50 SR a7 M. U e IR AR B R A IODP i, AP RE 3R
3 7R XRBINE G RE T, Bai =5 T LUnaE I0DP W26 e k1R S
WS RER S, PR T I0DP Jeln kiR M BE s M . [N, SIGHBIR Kt — 2 ok
T MR, X ARG 4.2.3 TRATAHR, RUWUENZG I EES 10DP L
H8 R R 46 S A S T e 2 D 35 R T X8 S BN S, TR R H R B AR R R AR T
BT M SEA .

4.3.5 $FERTAR4L

NEME ST AR TR M T, AN R TR TR R B S BOE R i
(Gradient-based Class Activation Map, Grad-CAM) BOF AR, DUAT A4k I £ A5 AU FIAE fi
PR iR R R () Sy X 3. AT ARAL S RN 4-9 s, MEBIAIKIKCAN: JRls RGB
BUE . XS RLTE SCorEI g SR B T IR 2R A (1) Gy X 3 T # Ak . AAEM B S 10DP
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IRTRRAL, DA RBE T 5888 DGN J7 32 1) OV X3 T LAk .

VY AR RAEMRHE N
RGB K& =D& P (convnext_tiny) FII0DP W&

Kl 4-9 sE AT 45 R
Fig. 4-9 Qualitative visualization result
T g S R A DORAE AT AL SR B IR0t
el 4-9 s, 1) M TR AT AL SE A, 51N 1I0DP (i) 2 4 IS
5 51D A B TR E R b TS AR AR OC I dk, AT T T 2% 1R 1 BE - 2D
AEDKF BT 10DP B (B3 4 1), HET- 1ODP $2 45 (1 S50 1 ont BE 28 0 2 (1)
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RUE X IEEAT TR, SRS T EEMPERER L. (HA2, XAk tAfF €N RR
P ATRES S BOE XMz AL, AR R X0, I T #USMES, X
A RE X BRARRFAE A S APERE T IX— AR RIAE T, 10DP SR BERI S0 FIR I ORTE T
PIRIAIR PR &R, oIk TSR R R R B il AHELZ T, R AE I 25
AR B Y 10DP BEWS 45 &5 25 RSB I AR 5 HAR AN 5 /2, i Bl S X W 2% 2
B  1E BBEAT AN B, 3t B A ORI X 5 B A 2

4.3.6 I~[E] CNN ZE#a9%FEE

AR SEEG LA ConvNext_Tiny Jy i T M4 2 7 AR Z 5L IT T A S A E ,
T A AE T AN A ALAL AT BERAIE T BT R VAR 3 S AR B S5 R B AR . B IRAIE
Fre EE A B, A5 K B TR K I RFIE S HURE 77 1) ConvNext_Base 1E J97& T M
%, JFAE MIT-67. SUN397. Places 7 Al Place_14 ¥4 4 E#EAT T MERETEAS . SEEG 4G
W% 4-4 fiion. AILLER], 1925 T ConvNext Base SR IEFAEHEELAE /1, HAZ NG =
B gE B3ysSeIl T E S UK . it — D, FEMAART R, WBEAE T
—BIRTE. X BRI T IODP #1 DGN HIA Rz A . ), (EF 4-4 [R5
JG—47, £ FHFRUER) 10-crop MR T kBSR4l T B4 Hi (1) DGN-Net. 7 ZF =12,
H T A SR FH ) Places $ds 42 & L4 TAL 2 43 X 4% 4 N\ [ ST IR R AR, 10-crop X Y
2% 1E Places Z#E 4 L VEAL A 72m .

L 4-4 LT AFRE T MSE 2D EIRE ERRIE (%)

Tab. 4-4 Validation of our method on several datasets based on different models (%)

ERESES VR MIT-67  SUN397  Places_ 7  Places_14
Hok 78.731 63.576 89.714 84.5
ConvNext_Tiny
DGN-Net 82.239 66.929 93.143 89.071
F 2k 87.388 75.424 93.857 88.957
ConvNext_Base DGN-Net 89.254 78.671 94.286 89.914

DGN-Net (10-crop) ~ 90.373 79.765 94.286 89.914

437 EBEENMREE R

7E MIT-67. SUN397. Places 7 #1 Places_14 ix U4 I, A7 DGN-Net 5
DU e REEAT T B IRt b P 55 v b 46 22 0 P VR B 2 S BRI i,
BLFERHYAR(E BB SR A 7. 3 4-5 FISR 4-6 IR T LIRSS R
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% 4-5 F£ MIT-67 fI1 SUN397 $#i4E |- DGN-Net 5IA el Fik I HLE: (%)
Tab. 4-5 Comparison of DGN-Net with the state-of-the-art methods on MIT-67 and SUN397 (%)

AP NN MIT-67 SUN397
Adi-Red 27 224x 224 - 73.59
LGN [28l 448x 448 88.06 74.06
Scene Essence 19 224x 224 83.92 68.31
MR-Net] 448x 448 88.08 73.98
SDO-Netl®2 224 %224 86.76 73.41
SAS-Net [ 224x 224 87.10 74.04
CCF-Net 38l 512x512 87.30 -
ARG-Net [42 448x 448 88.13 75.02
PL + AP + Al + M8l 448x 448 88.06 74.12
FCT-Netl64 224x 224 89.17 76.06
CSSRM 224 %224 88.73 75.48
SpaCoNet 224x 224 90.75 76.15
DGN-Net 224x 224 90.37 79.77

7: CSSRM. SpaCoNet 7 Hl WAL 5. 25 =BTt H S %.
# 4-6 1F Places_14 il Places_7 ¥(#i4E I DGN-Net S58LA Jcilt Hyk L (%)

Tab. 4-6 Comparison of DGN-Net with the state-of-the-art methods on Places_14 and Places_7 (%)

RS PN Places_14 Places_7
Word2Vec!® 224x 224 83.70 -
Deducel* 224x 224 - 88.10
BORM[] 224x 224 85.80 90.10
OTS-Netl52 224x 224 85.90 90.10
AGCNI62 224x 224 86.00 91.70
CSSRM 224x 224 88.71 93.43
SpaCoNet 224x 224 89.71 94.29
DGN-Net 224x 224 89.91 94.29

7¥: CSSRM. SpaCoNet 73 il A SCEE — 55, 35 =& Prig i i 5%,

ik 4-5 FIZk 4-6 fia~, FrdeH i DGN-Net (LT K258 A MHEE. &5k, HMT
JE T AR B AT R AE e B 1Y)y v 127283889821 DGN B T B m AR BITERG R, IX ISR
AL BAR ARG B IR SR S I VERE I B SE BT AT AT Ve BTk, B R T
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VIR 71k . J7vkD03238398NE 1) 22 43 S A0 K 4y Sl b B 37 S G RIS B, JFd
i R ERANGE JE R T Bl s R E A RIESS &, DR RRoR . HiXE)riE
FHEE, DGN-Net R FH 87 SCERME,  MNHERE A 2R FH AR JR LA SRR, AR T
SR AT AR, R T 2 S SR T R ST B A HE D, AR LG T A
FE R B AR AR 3 B3 iR 1 1 550925 11042.62) ) DGIN-Net 388 3o K 468 51l 8 516 56 Sk YR 4 ol 3
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Fig. 5-1 Similarity due to object co-occurrence in scene recognition
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Fig. 5-2 Process illustration of making a similarity prototype for a scene dataset
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Fig. 5-5 lllustration of Contrastive Loss guided by Similarity Prototype
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Swmzsﬁmgaysﬁmgaf (5-11)
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JIREGR TG v HEEE H IR ARARE R A o (R, 28 T L 1) 37 5% 288 2 TR] R ARHBLBE RIS T4
SHIRISRIAIARBRE o AHRHE, AT AT H— AN SR FEAR R FE RS Liner matrix :
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Fig. 5-6 Effect of different STEP on the performance of trained model

e P CoRE A (53] P P 190715 R A2 v ARG R

(2) FEFN HHRRIEHTHE T

CE— AT HEURHERE (FEDL 5.24 19, AW H RIFERAKST R K: 45
¥y GEAE “mean” D) FIAEZAE T (RISFHid fE R AR T AR RE e, ic1E
“nonzero” ) o A/NIINTEE TR AR T SO REAY I RE A SR, PR TR AR L
Pk (FEDL 5.2.4 1) 5 FE R RIEEI . Qi 5-7 Fos, (EH 2 AN MR RE MIT-67
A SUN397 H#l4E AT T XL sEs . B TRoR, 4 X H A R AE FE Liner_matrix A
Lintra_maix » TEF] 5-7 A1, fFH “mean_inter” FRIRX Lier mawix AT 4253 V15 LLiH SN EE

70



AR EE A - 27 1 S

2k, “mean_intra_intra” WZRIRA Linter marrix + Lintra_marrix AT 2 J5°F3;  “nonzero_inter”
%%Xj‘ Einter_matrix j:j:h ﬁEIF%'éﬁyi@ ’ “ mean_intra_i ntra 7 }I—lu %%X‘j‘ »Cinter_matrix + »Cintra_matrix j:;k
TIEFE Y,

75.0 4
87.54
72.54
85.0
70. 0
82.5 . N -
—®— ResNetd0gsine -%-- ShuffleNetguciidean —®— ResNet50sine --%-- ShuffleNetgycidean
= -®-- ResNet50puctidean ~ —B— MobileVit e = 67.51 -®-- ResNet50puctidean ~ —B— MobileVit psine
5 500 VGG16.osine -#-- MobileVitucidean i VG616 osine |- MobileVitguidean
ﬁE VGG16Euciidean —&— ConvNext oyine i‘E 6504 VGG16 guclidean —&— ConvNext pyine
7 —x— ShuffleNet ygine -@-- ConvNext gucidean 7 —x— ShuffleNet ygine -~ ConvNextguclidean
77.5
75.0
72.5
%‘2}2 me;\n nonz‘ero nonz;ro mea‘n %‘?Ji me;‘an nonz‘er(\ nonzéro mea‘n
inter inter inter_intra inter_intra inter inter inter_intra inter_intra
REGYE:N G YE:N
N7 N ¥ Y12
(a) 7E MIT-67 %4 LIKVTAl (b) 7E SUN397 #ifi 4k E I vFAl

B 5-7 AR FEA R 11507 s AR RE R 5

Fig. 5-7 Effect of different computation of contrastive loss on model performance
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5.3.3 MLELARE L 2 93 4

(1) BHEFR A S5 SR (1 BE PP Aik

AT\ B Hs WA B 5L T AR OB S B i AR 2 Ak (GLS) SRISHEAT T PEA
7E MIT-67 A1 SUN397 ##E 4 N ] GLS KM I 1 X Sei Ay, I HAEBE 548 bR
ZNGF=E MRS (FEZR) DLACR ARG IENAL (LSR) SRBsIII =26 i) 1
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REHEAT T LB, 450 RAESR 5-1.

Wk 5-1 Fron, LRAEREHBEIL AR B F, GLS HHgY
WANRTERE, BE T GLS FEARIM 2% 280 T iz AL RE ). BARSRUL, 7E MIT-67 %L
a5 b, 5 GLS B H T ResNet50 /A= [HERA R IA 2] | 79.403%, i H T HE 4k 14 AE 2.91%.
FHEEZ R, FE40) LSR SKBE BTy R ERRIE A MIECHA IR, BN N RS —
SEAR R AR AR R . 50, A SUN39T7 Hidl4E b, A T GLS 1 ResNet50 AJ LLiZk %]
62.06% 1 HERIZE, AN AR A REAR A I 2R BE 2o M Re e =y 1 1.637%, L EERAT LSR I
ZRIFMEREIR R T 3.032%. [HAER MR, SUN397 His4Et & 397 MASE I 5255,

Xt — 2 B T TR VR AN EE AR R s AR (AR A R
% 5-1 1E£ MIT-67 F1 SUN397 i 45 L ihili it br &4kt (GLS) ZREE VNS (%)

Tab. 5-1 Evaluation of Gradient Label Softening (GLS) on MIT-67 and SUN397 datasets (%)

=]
| NTA

LS 1A ZHE e 154 LSRI] GLS sz GLS wstims
MIT-67 ResNet50 25M 76.493 76.417.0.076 78.805+2.312 79.403+2.910
MIT-67 VGG16 138M 73.358 74.078+0.72 74.104+0.746 75.041.642

MIT-67 MobileNet 5.4M 69.179 68.507.0.672 71.045. 1866 71.119:1.04
MIT-67  ShuffleNet ™ 72.090 73.209:1 119 74.925.7 835 74.70112611
MIT-67 MobileVit 6M 74.552 75.522+0.97 78.134.3582 77.91:3353
MIT-67 SwinT 87M 88.681 88.657.0.024 89.03+0.349 88.906+0.225
MIT-67 VIT 86M 86.194 86.642.0.448 86.940+0.746 87.015+0.821
MIT-67 ConvNext 89M 87.388 87.239.9 149 88.507-1.119 88.657+1.269
SUN397  ResNet50 25M 60.423 59.028.1 395 61.863+1.44 62.060+1.637
SUN397 VGG16 138M 57.204 57.950:+0.746 58.503+1.209 58.715+1511
SUN397  MobileNet 5.4M 53.375 53.043.0.332 55.657+2.282 54.625.1.25
SUN397  ShuffleNet ™ 58.181 57.950.0.231 59.385+1.204 60.08:1.899
SUN397  MobileVit 6M 59.033 59.283+0.25 61.219+7 186 61.28.2.247
SUN397 SwinT 87M 75.063 74.826.9 237 77.013:1.95 771947131
SUN397 VIT 86M 75.078 75.043.0.035 75.758.:0.68 75.677+06

SUN397  ConvNext 89M 74.675 75.017+0.342 77.274+7 599 77.239+2564

(2) HEEZEXT LB R I SRS B 4 RE VEAL

AR N AR AURE SR A A HE SO0 Uik (BCL) SRS BIA AL YISk, JFHs H Ak
Re S CRMERXT IR IIZR) LRGSR btk (CL) SEREUSIHEAT T XFLL, #E CL
S, A RSB IAEAS AU BRMER BOE N “17 , ARSI FEART AR BLE

FIRTH 5
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BE BB E Y “07 o 7E MIT-67 Fl SUN397 Hi4E I, Jlid st 2 AL 8 Bk e wg
BEATSELS, 2RI EAER 5-2.

*® 5-2 PSR RN, RGOS, M BCL SIS Zr A B REZEAL T
B2k, WAL TG CL 3RHg . Bk UG, 72 MIT-67 Hidl 48 I, SR FH BCL iIIZ5 1) ShuffleNet
BT 2L, PEREIRTT T 2.014%, TMRAIMESIH CL SRS LEILLLIRTT 1 1.044%. 1E
SUN397 #i#iE4E |, SRA BCL IIZkf ConvNext P REELIELLHRETE T 0.917%, MifE4iH
CL F=AE I RE R 1T LR 4E TR T 0.043%., IXUEIIGERH, 44 CL uE T3 Ao i
[F) R A 2 [8) AR ARALAAE DA K A [F) 2R AS 2 TR R 22 5 1, AT RE oo AR F TR 3 Ak R 7 A= A
TSI o XAt —2 & TGRS AR BR R B S 56 k0N, XT3 i i 1tk e
ATk

%% 5-2 {£ MIT-67 1 SUN397 $i#itk EXffftEZ 0 ik (BCL) SRIK PR (%)

Tab. 5-2 Evaluation of Batch-level Contrastive Loss (BCL) on MIT-67 and SUN397 datasets (%)

BCL smmr  BCL wamsm  BCL s BCL wotss

EAEITE S s Z& K4 cL® _ _
mean_inter mean_inter nonzero_inter_intra  nonzero_inter_intra

MIT-67 ResNet50 25M 76.493 76.642 77.014.0521 76.94 76.866 76.866
MIT-67 VGG16 138M  73.358 74.327 74.85141 403 74.701 74.254 74.403
MIT-67 MobileNet 5.4M 69.179 68.358 69.478.0.299 68.433 68.582 68.433
MIT-67 ShuffleNet ™ 72.090 72.564 73.134 73.507 74.104.5014 73.358
MIT-67 MobileVit 6M 74.552 74.776 75.149 75.149 76.194.1 642 75.075
MIT-67 SwinT 87M 88.681 89.328 89.179 89.701:102 89.403 89.328
MIT-67 VIT 86M 86.194 86.342 86.269 86.418 86.493.0.299 86.493.0.299
MIT-67 ConvNext 89M 87.388 87.462 87.835 87.537 88.657.+1.269 87.537
SUN397 ResNet50 25M 60.423 60.635 61.033.061 60.806 60.916 60.821
SUN397 VGG16 138M  57.204 57.09 57.436.0.23 57.219 57.108 57.033
SUN397 MobileNet 5.4M 53.375 53.169 53.270 53.713 54.055.065 54.055.065
SUN397 ShuffleNet ™ 58.181 58.176 58.761 58.695 59.073.0.02 58.332
SUN397 MobileVit 6M 59.033 59.264 59.511 59.179 60.121:1 0gs 59.073
SUN397 SwinT 87M 75.063 4.7 75.037 75.088 75.95.0837 74.877
SUN397 VIT 86M 75.078 75.264 75.416 75.314 75.521.0.443 75.275
SUN397 ConvNext 89M 74.675 74.632 74.942 74.866 75.592.0.017 74.635

{EEFE H 12, 7R E 5T, BCL S8 1] BE o i A Ak e o= Ak AN R i . 45
an, & MIT-67 242 il MobileNet i, [& T 2& T R5ZALVEZR “mean_inter” RS
Ak, HoAh =Fh BCL SRmE AR M RE A Frdii . Aid, 1648 CL RIS FT SR RE T FF
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BN E. F, X —EREE T MIT-67 £ 4 boxd b4 2k S s A& H +
MobileNet M52, R, fERAERXFPREEO T, BCL 2T R ZAHMLE K
“mean_inter” I N AT REIE— B IR THB MR RE . X FRREGIE 1 ERY I ZRad AR
I A AR AL Jir 2R AR P SR 56 R R 0

(3) ZEWVI SRR I 1 RETRAL

AR T [F A #E bR S Ak (GLS) At BT Lg%k (BCL) g phf
RIS, i 2 MEAUE MIT-67 F1 SUN397 Bl 55 L iEAT T YERETEAY, et st Rins
5-3 ffi7Re

* 5-3 M RKW, SHELAHENE (MR IZ) ME, GLS M BCL M4A &
i TR BER R . BARTE, 7 MIT-67 £idE4 -, FR#H GLS Al BCL
FWEAE MobileVIT [HERIRIEE T 4.552%; 2, 78 SUN397 %#E4E I, ConvNext
HER RIS T 2.731%. TERPMMZE, X — AP H AR B N2 S5 E0T B A
RGN, X — X SEBR N R IT N E B, X gk R S HhIGE 1 B4R AR AL SR
RUAE & = A5 A B8 U T P B B R LTV A Ak

#* 5-3 7E MIT-67 Fll SUN397 £ 4 4E 454 BCL F1 GLS SRIE 1Pl (%)

Tab. 5-3 Evaluation of combining BCL and GLS on MIT-67 and SUN397 datasets (%)

N " ~ . GLS+BCL sz GLS+BCLuw GLS+BCL 2z GLS+BCL wt
AGIE S L R B4

mean_inter mean_inter nonzero_inter_intra nonzero_inter_intra
MIT-67 ResNet50 25M 76.493 79.104.5611 78.881 78.433 78.806
MIT-67 VGG16 138M 73.358 75.0 75.522 73.881 75.746..33
MIT-67 MobileNet 5.4M 69.179 71.045.1 566 70.224 70.149 70.223
MIT-67 ShuffleNet ™ 72.090 75.298.43.208 74.402 74.179 74.328
MIT-67 MobileVit 6M 74.552 79.104.4 55, 77.836 74.851 77.910
MIT-67 SwinT 87M 88.681 89.03 89.104 89.03 89.179.0.498
MIT-67 VIT 86M 86.194 87.388.1.104 86.866 86.567 86.791
MIT-67 ConvNext 89M 87.388 88.805:1.417 88.433 88.358 88.433
SUN397 ResNet50 25M 60.423 62.086 62.161 62.358,1.035 62.045
SUN397 VGG16 138M  57.204 58.519 58.982.1 778 57.516 58.872
SUN397 MobileNet 5.4M 53.375 55.869 56.166 54.232 56.317.2.01
SUN397 ShuffleNet ™ 58.181 59.788 60.171.1. 59.954 60.171+1.00
SUN397 MobileVit 6M 59.033 61.274 61.365 60.71 61.476.7433
SUN397 SwinT 87M 75.063 77.118 77.083 77.294: 531 77.108
SUN397 VIT 86M 75.078 75.682 75.768 75.768.069 75.597
SUN397 ConvNext 89M 74.675 77.259 77.259 77.406,7 731 77.229
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BB, ATREL 7 AR GLS SRIg IR R R RE . {0 H BCL SRM& 3R AT 1) i 1+
PERE LA RIS E FHX PRl SRS SR A (R B PR RE . 3R 5-4 L [ ixEegh R,

MK 5-4 fii7n, 5 GLS SRESAHEL, S s ] BCL SRBE AR Y 14 BE R 4 T A A PR
E—IRBERAE T, N7 IREFATIR H 077 VE RN R e, AW T E R BCL N
THEAFRBURMIEE (Mini-batch) R, 1M 3 A B IE Bt IRy & BR o 31X — A
[F) - A P 0T b 2k SRk Le 8186l s i R Co Bk IE FH TN R I G T BLIA B B A
FIPERER I . X3 5-4 Wk — P40 trda | GLS 1 BCL ZRBE Z (B B ANI N . fE K%
FAEOLN, 45 G X PRI SRS mE AT LLSCE iy T B i FH AR — SRR R R 2 . X — K
LRSS AR T P AR ALY SR 98 7, IR SR WALE R R AR R SR R ik AT AR S5 T
M, AP AR R A

# 5-4 {£ MIT-67 I SUN397 ¥#5 4 b =Fh I ZR3m& 1 LLEL (%)

Tab. 5-4 Comparation of three training strategies on MIT-67 and SUN397 datasets (%)

EVE/TES it SHE ek GLS BCL GLS+BCL
MIT-67  ResNet50 25M 76.493 79.403 77.014 79.104
MIT-67  VGG16 138M 73.358 75.0 74.851 75.746
MIT-67  MobileNet  5.4M 69.179 71.119 69.478 71.045
MIT-67  ShuffleNet 7™ 72.090 74.925 74.104 75.298
MIT-67  MobileVit 6M 74.552 78.134 76.194 79.104
MIT-67 SwinT 87M 88.681 89.03 89.701 89.179
MIT-67 VIT 86M 86.194 87.015 86.493 87.388
MIT-67  ConvNext 89M 87.388 88.657 88.657 88.805
SUN397  ResNet50 25M 60.423 62.060 61.033 62.358
SUN397  VGG16 138M 57.204 58.715 57.436 58.982
SUN397  MobileNet  5.4M 53.375 55.657 54.055 56.317
SUN397  ShuffleNet 7™ 58.181 60.08 59.073 60.171
SUN397  MobileVit 6M 59.033 61.28 60.121 61.476
SUN397 SwinT 87M 75.063 77.194 75.95 77.294
SUN397 VIT 86M 75.078 75.758 75.521 75.768
SUN397  ConvNext 89M 74.675 77.274 75.592 77.406
5.3.4 $FAEAT R 4L

AT VPAL BT H R BN SR T R A Rk, A/NTTFE Places_7 Al Places_14 %4
£ PR AT T AT AT . B o, (AR SR REAR 2RI 25 52 T — 1 ResNet50

75



AR EE A - 27 1 S

B, PEONVERESLHE. PRJE, RAFTHE M MIIZRSE XS 75—~ ResNet50 #ALEAT il
Zro ERINGRSEE, MINGRES RERL rp SR URFIE I (7 T W28 (RIA0ER — R AR
FERH - AT BEHLARIBIRAN (-SNED VOSSR IX O RHIEREAT 1 P 4R AL, DAE T B
JERAELEL. I AE K 5-8 4 hlIX Le R AE R —4E3R0R, W] DLELU AL 2 2196 TR 4R o ]
B AL

BCL GLS+BCL
B2k GLS nonzero_inter_intra nonzero inter_intra
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Fig. 5-8 Visualization on Places_7 and Places_14 validation sets using t-SNE

e SRR KE T, MR R ARE T E 2 R .

AT 5-8, WA BIARLL AR, SRAIA T PR AR — BRI R SR 1)
WEEGET T M H R TERE T . JEIT BT I SE N ZR B R X O3 AN [R] 37 55 S0 ) S 451
MIRE /2] 7 S E 55, KR F 352800 FRSLEIRae B seill r -2t B
WKFE S gy GLS M BCL IZRHEmE 2L 1 AR P AL 45 R, TR P A4 B 5K
W 2 A U= 2R T — AN SR X IR BETT R4, A AN )37 55 SR 22 T 1 5 IR BE 055 i o
KR 53R 5-4 RS BIR A &, Bt DL TR AR R R R 7. 25
BRI EMERTIAE 4T, ATRAH E IS, It i e BRI ZRE 2 1 AR B2 1
fle st A .

5.3.5 THE AT
OSSR P $R D5 AL SRR B b SO T SRR, ATl AN AT, R A

YIRS b i 2B 2 TR ) B A 22 5 . BAARSRiE, 1% ] ConvNext_Basel™MWE yE T/ 4%,
VIT AdapterE AiE U EIMZ%, K14 H IR SIS E 5 (FLOPS) AIHEF #3840
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SRAEFR 5-5. £ 5-5 H1, FLOPs ¥l Rii T % B4 k. & THEE &, HES
X R SCHRAS T AN R AR %, IR EEE I AP, X BLAE A —3 NVIDIA 3090
GPU izfT T X A HoR AR & ik & . % T GLS M BCL 7R Zhid 2 5 A T
ME FLOPs, Rt 5-5 if KRB e, HE, BT GLS M BCL 7 5LFRi
B BATEA, XFERA ST SR,

2% 5-5 YIZEAISEhREDE it SR A R b

Tab. 5-5 Comparison of computational cost during training and practical deployment

WHHB  LhREfTHE NEHER LRETHER

W 2% 22 14 FLOPs FLOPs Ealinh s Fi &
(G) (G) (image/s) (image/s)
EREAES 15.4 15.4 115 115
B X5 473 0 0.09
TR 488.7 15.4 <0.09 115

M 5-5 [EHE rT LAB A, AT TS BT R DRI T I RGP 48 S
SN )37 5RO o S AT AR BN SO B HOR BRI, K B AR AR R BT R Y
FLOPs, AIMAESE PRl R 38T VAR R HE R At & . 31X — &5 5 2R 5 e T Y]
HRF, B IIIGAE | BT A S bRl o B3 T SRR S . Ak, @RS PR N
I il SO B AR, IR 1 P ade F T8 S BI80R B HE B E 2 A 25K . il
S8 VIT Adapter fEHEBERE bR BRVEAEH AT REAIE M T 1A GBI sebrit, Eil
TARTI R AR GRE B % EOR, BEWEAE AT SEbn B v AT PRI RN, 780
A FH L A AL

5.3.6 SMBEENMHREELE

W 5-6 Fras, AN JELL ConvNext 1ENE T4, FAZE AT H 5% S50
A et FIEAE MIT-67 A1 SUN397 #dlige BikAT 1 HA. R)E, XM= PR
DGN-Net [ A< & 4 tH I ZR SR AT 7 ISk, DU 5 AR S0 H A 2 775 42 Hh () SRk At
—AXF T MRPEEL 5-6 HINAIR, S RZHONA TIEMEL, AEITVEREIL 1 T
YR PERE .

LA TP As 1540 B (1) 77 32334259 CaL g A oA s 5 42t (19 798D 78 52 B
J R o R K B B SR B IR AR U S R RS B AN E TR LT, AR IEAE
SR B A FE DA R R 8 55 DX 4 R RFAE R RE ), AT 38 B 17 7 S B 2 FH HH SR AR B
iR EAERERE, REELIRN A AT BRI ARG R, RFEINENR
JE UL T LR 2 B TP A4 B i 77 5 SE AR R I M e, ik — 20T B T Tt AR R
PEIR B SA RIS FANME . th4h, ARTTIEFER 5-6 RN T RS FH A HARTETH 1 GE
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(V5 i . BARIXERBVLEE & T 2 U (G EBT 588780l 2 R Al o A4 325805 i 21, A
BT TR IR AR FRE e AL, FEA FIA R T i se i 13 SR M RE K.
%% 5-6 1E MIT-67 F1 SUN397 ##i £ BRI SRR (%)
Tab. 5-6 Comparison of different methods on MIT-67 and SUN397 (%)

= RS LD NG} MIT-67 SUN397
MLR+CFV+FCR"] 256 x 256 82.24 64.53
NNSD+ICLCE] 224% 224 84.30 64.78
Multi-Scale CNN] 889x 889 80.97 70.17
MPIe] 640 x 640 86.90 72.60
SOSF+CFA+GAFX] 608 % 608 89.51 78.93
Multi-Resolution CNN!5®! 336x336 86.70 72.00
SDO-Netl32 224% 224 86.76 73.41
SAS-Net [33] 224% 224 87.10 74.04
ARG-Net 42 448x 448 88.13 75.02
PL + AP + Al + M5! 448 % 448 88.06 74.12
MR-Net5! 448 % 448 88.08 73.98
CSSRM 224% 224 88.73 75.48
SpaCoNet 224% 224 90.75 76.15
DGN-Net 224% 224 90.37 79.77
ConvNext + GLS + BCL 224 x 224 88.81 77.41
DGN-Net + GLS + BCL 224% 224 91.42 80.37

¥ 1: CSSRM. SpaCoNet. DGN-Net 73 AIAA S 8, 5 =3, VT .

7% 2: DGN-Net + GLS + BCL fiafdf A< % i th 1 Il 2R 5 mg )1l 25 DGN-Net GEARR S il 2 5 ic &
HENERE 30 .

IeAk, AR =52 H Y SpaCoNet F155 VY 2 2 Hi 1Y) DGN-Net AL, R4 A % Fr
FEH P REELE R B EAS AL E, (He EsLbrElE b BA IR B2 H . B4R
5, BEIELHFIATHE S R E 1T B IR YRS BIRBUI R, I KR & 7 Ia17 308
B, S HARE TR EE A AL AT RAAEN ARSI GET AR
B AL E IR 455 GLS+BCLnonzero_inter_inra) % DGN-Net AT J EHIZR, Wk 5-6
e —ATHi~. ATLAER], ARFR VA DGN-Net [FIIRAVERE HIE—20, HB T A
A HA B . IX— RIS T A B 4t R AL Ji 28 %) R4 B FH AR PR AR 5 R T
ZARE ), ERRBRI e MR sOR I EIE R RE

Zx bk, 3% 5-6 R4 T AR, B 7 AN E It AR U SR AR SR T i
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TR BE 5 T P S 2 DL B AN S B N2 P AN

5.4 ZENG

AR B O YAARAE SCRIVR RN B — AN SRR SO SR B R, SEELAEAS B D0 AT 4] 199
ESHIRTE TR AI 25, fEAALE R AL R LA b, SR T TR AR AL (GLS)
MR A g (BCL) PIAPIIZRIENE, LLAR /- 240 AR F 1 R B Rl B b 5 R O
T8 7. Bopkilt, GLS @ik AR LR I B N B A IS IFR 2, I BAS R it
SR RN 5| 2 I SR BCL TS T-AHALL R 5L B 1l 5 > RR AR FE 20 R 288 A AR X AR 2K [
FEASHS R AR BLRE K

IS IR RS, AR AR SRS ERR T RES R, HE IRRAE TEA
S E RS OL T, PAE BT DA SR Ea st O tERE . £ LA A T SR
£ (MIT-67. SUN397. Places 7 fll Places 14) FHHTHIZATEAER, Frde o AH1L
JEE TR % FH DK SRS BE 05 5 AR TH I ZIR B e, FE7E S Bl 8 rh Bk o 1 B IR A1 (1) I 2%
ZHLTH R A
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6 BEESRE

6.1 TIER%

AL CAR BE 2 S 5O BOR B, Bl G2 116 51 3 5 IR X — s Tt
7o WHILtta, XIS E RSN AR, Wit 7 IE R R B R
SO AR R A M4, SO 4t BRAR T RIA 37 5 W ITE SO 80 A R s AEUESERS E, T
XS Y S AR S SO S R AR B BRAR, 32 HR 37 5 SR AL AR B S AT SR
54y, HFEId R N IS SRR YIS RIX B RN dt D
H, 25 &R VIRAE B 58 4R R SR TR PR B, MR i ml AR (0 HE 2 5 A S5
AT AR T R BT ) e 56 R IR S i B R 28 37 5 R0 T i e, BB E]
PoaAE PR BOR T 55 DR IR v 5 5K ) RE PR 11 51 S5 SE b i, et 7 — Mk
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