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Abstract

Abstract

Scene understanding is an important research topic in computer vision, and has
been widely used in industrial applications such as autonomous driving, intelligent mon-
itoring, and robot navigation. Scene understanding involves the recognition of visual ob-
jects and the reasoning of semantic relations between object pairs, providing a research
foundation for many downstream visual tasks such as image retrieval, visual question
and answer, and visual language navigation. Deep learning based models for object lo-
calization and relationship reasoning models usually rely on big data training. Manual
labeling of these data will be very time-consuming and labor-intensive, and it is easy to
generate noise labels due to the subjectivity of annotators. Therefore, the quality and

quantity of the training samples are extremely limited.

Under limited supervision, object localization and relationship reasoning methods
are faced with the problem of recognizing objects and relations with a variety of ap-
pearances and various types, and insufficient training samples or inaccurate labeling.
Solving these problems would further promote the performance of research models and
application systems for scene understanding. This paper conducts research on object
localization and relationship reasoning under limited supervision. The contributions

include:

(1) Proposing a Soft Proposal Network (SPN) model, which addresses the prob-
lem of weakly supervised object localization that fail to identify the whole object extent.
SPN learns to guide network learning based on the priors about the semantic and spa-
tial correlations between the feature responses within each object, leading the model
to activate more complete object region; thus obtaining more accurate predictions on
point localization and bounding box localization. To further obtain fine-detailed seg-
mentation masks, an Instance Activation Mapping (IAM) technique is proposed to learn
class-agnostic filling weights from noisy proposal masks. Based on these weights in-

stance segmentation results are generated for objects.

(2) To address the problem in identifying infrequent relationships from the long-
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tailed relationship categories in visual relationship recognition, a Progressive Knowledge-
driven Transformer (PKT) is proposed to utilize knowledge priors as external super-
vision to restrain the connection between object regions and force the feature learn-
ing focus on more relevant regions. To make the model compatible with common
sense knowledge from different domains in real world, a Configurable Graph Reason-
ing (CGR) technique is proposed to prevent feature learning from the interference of
redundant and noisy knowledge connections. The technique decomposes the traditional
reasoning path into multiple sub paths, and learns to dynamically compose knowledge-
enhanced reasoning paths, adaptively performs knowledge enhancement for each rela-
tion features; thus improving the accuracy of relationship prediction. When the labeled
examples of relationship classes are extremely rare, the model training is insufficient and
the sample deviation is large, which greatly reduces the robustness of the model. We
further propose a Scene Graph Attack technique, which promotes the model to learn to
defend the global semantics from the semantic attack on nodes, and improves the model

precision and generalization.

(3) To solve the cross-modal information matching problem when combining vi-
sual scene understanding and natural language, a Cross-modal Memory Network (CMN)
is proposed to sequentially associate the visual scenes with the dialogue sentences in the
visual dialogue navigation task. The network encodes historical information about pre-
vious actions for the navigator. The rich cross-modal memory information of decision-

making helps the current action decision.

This dissertation proposes an integrated coarse localization framework and an instance-
level segmentation localization framework for the weakly-supervised object localiza-
tion problem, proposes a feature transformer that can progressively incorporate differ-
ent types of knowledge, a graph reasoning technique that can select knowledge from
large knowledge bases, and an adversarial attack technique that attacks scene semantic
graphs for the visual relationship detection problem, proposes a new idea for the problem
of sparse and inaccurate labeling of training samples in the deep learning framework,

provides new research ideas and directions for real-world scene understanding.
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Figure 1.1 Illustration of visual object localization results
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Figure 1.2 Illustration of visual relationship detection results
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Figure 1.3 The relationship between the research content of this thesis
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Figure 2.1 Visualization of Class Activation Maps (CAM) for generic CNN and SPN
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Figure 2.2 Illustration of the proposed Soft Proposal (SP) module
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Figure 2.3 Soft Proposal Generation in a single SPN feedforward pass
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Figure 2.4 Illustration of the learning process of Soft Proposal Network (SPN)
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Figure 2.5 Proposal examples generated by Soft Proposal module
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Method ObjectEnergy(%) Time(ms)
Selective Search!!! 53.7 2000
EdgeBoxes ! 58.8 200
RPN (supervised)?* 63.3 10.5
SPN (weakly supervised) 62.2 0.9

K 2.1 36T VOC2007 RSy H b P Pel I i P A

Table 2.1 Proposal quality evaluation on VOC2007 test set
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(a) Object Energy distribution  (b) Object Energy evolution
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Figure 2.6 Statistical analysis of Object Energy

68 P B AR AR 2R A R . FRAT 5% -MWPPS! 1S4l ki
(g MR Y s R AE AL B AR e (FovF 1S RERmR2E) , Wi
KWt (Hits) , BETE, iC—W kG (Misses) o FATHEETHE AR
Ace = 0 — SR RN CLERE , S RS L5 R A
PLHERR BRI (E. XT VOC2007 i de, FATE I mFpilalde, Al ALk
VRIS, # DIff. il — 74, HohrE & 200 A
E/NEAR (BARKE N B A2 —) o WR22577R, AR5 WL
CNN 3§k SPN "] AR BRI VERESRTE. A ki, SP-VGGNet 7t All 44 |
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Figure 2.7 Examples of pointing localization
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Method CNN-S  VGG16 GoogleNet

Center 69.5/42.6 69.5/42.6  69.5/42.6

Grad!?! 78.6/59.8 76.0/56.8  79.3/61.4
Deconvl® | 73.1/45.9 75.5/52.8  74.3/49.4
LRPB! 68.1/41.3 - 72.8/50.2
cam!! - - 80.8/61.9
MWP2! | 737/52.9 76.9/55.1  79.3/60.4
c-MWP281 | 787/61.7 80.0/66.8  85.1/72.3

SPN 81.8/66.7 87.5/78.1  88.2/79.1

4 2.2 VOC2007 4 (AIDIfE.) |55 B i e fr g R

Table 2.2 Pointing localization accuracy (%) on VOC2007 test set (All/Diff.)

Method mAP (%)

Dataset VOC COCO

Oquab eral.®! | 745 412
Sun et al.!®! 748 435
Bency*? 77.1  49.2

SPN 829 553

#¢ 2.3 VOC2012 fil COCO2014 Bl 4 LI vi e 1 gh 4

Table 2.3 Pointing localization mAP (%) results on VOC2012 and COCO 2014 val. set
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REJJ. FEJGMRYSEERH, FRATRFUE—2F560E SPN 43268 77 .
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Figure 2.8 Bounding box localization results on the VOC2007 test set

Method CAM c-MWP MWP Fb | SPN

LocErr (%) || 48.1 57.0 38.7 38.8 | 36.3

4 2.4 ILSVRC2014 £ 4555 W H bHERE (L8R

Table 2.4 Bounding box localization errors on ILSVRC2014 val. set
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Method ImageNet | COCO VOC

GoogLeNetGAP!'Y | 35.0/132 | 544 834
SP-GoogLeNetGAP | 33.5/12.7 | 56.0  84.2

% 2.5 RSy RERNT L

Table 2.5 Comparison of image classification results
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P F COCO2014 Il VOC2007 |43 111 %5 50 %A1 20 %, IF#HATIL, 458
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Fk 4.5% . SLIRGERIE I T SPRRHULE 5 UBHE B R AR 1 B ARHIER vk
TE H AR SE REAIA RAT 55 AR -
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Figure 3.1 Comparison of the deep activation maps from CAM, PRM and IAM
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Figure 3.2 Illustration of Instance Activation Maps
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Figure 3.3 Learning Instance Activation Maps for weakly supervised instance segmentation
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Figure 3.4 Illustration of the filling process
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Figure 3.5 Visualization of the filling weights
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Method mAPj,s mAPjs mAP;,. ABO
Rect. 78.3 30.2 4.5 47.4
Ground Truth Box | Ellipse 81.6 41.1 6.6 51.9
MCG 69.7 38.0 12.3 53.3
Baselines constructed from Weakly Supervised Object Localization
Rect. 18.7 2.5 0.1 18.9
cAM!! Ellipse | 22.8 3.9 0.1 20.8
MCG 20.4 7.8 2.5 23.0
Rect. 29.2 5.2 0.3 23.0
SPN I Ellipse | 32.0 6.1 0.3 24.0
MCG 26.4 12.7 4.4 27.1
Rect. 36.0 14.6 1.9 26.4
MELM 42! Ellipse | 36.8 19.3 2.4 27.5
MCG 36.9 22.9 8.4 329
Weakly Supervised Instance Segmentation
PRM 2] 44.3 26.8 9.0 376
IAM-S1 45.6 28.3 10.4 41.5
IAM-S5 45.9 28.8 11.9 41.9
IAM-S9 45.7 27.8 10.5 41.7

4 3.1 s R E I Bl o JAs R L

Table 3.1 Comparison of weakly supervised instance segmentation results

Feed-Forward Proposal Retrieval CRF | Total
PRM ! 0.05 3.0 (+8.1) N/A | 11.15
IAM (Ours) 0.07 N/A 0.3 | 0.37

#& 3.2 Helgrint ] (BY) xfEk

Table 3.2 Per-image inference time (seconds).
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Figure 3.6 Weakly supervised instance segmentation examples
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[l PRM (R RAEREA, RARIFEAERIREELE ToU (H/NT 50% 1 IXI, I HARAERE
FRRR SR H bR M, K370 8 £ 1) TAM AEA M7 1E 5 1 ToU
I, HARRKR RS0 B A R 4

T HB SN AR AT B LRI ToU, AAHTA

(3.5)

m

32



GEEAE 3 3L s e e EE kv

100 100
80 80
geo geso
o) D
240 ©40
20 20
0 0
0 100 200 300 400 0 100 200 300 400
Object Size Object Size
(a) PRM 2 (b) IAM (Ours)

3.7 PRM Al IAM RFEA #5551l

Figure 3.7 The density map of samples from PRMs and IAMs
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Figure 3.8 Per-class mean IoU (%) of PRMs and IAMs
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SPGmap  SPG bbox PRM IAM IAM bbox
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Figure 3.9 Visualization of object localization from fine-grained bird species

Methods GoogLeNet—GAP[lo] ACol*  SpG*! 1AM (Ours)

Loc. Err 59.00 54.08 53.36 52.21

A% 3.3 {£ CUB-200-2011 JUiRAE L1ty AL mi ER A0 bl

Table 3.3 Localization error (%) on CUB-200-2011 test set

LA EUREANM HUbs - FR A6 Hi S ) 2R84 CUB-200-2011 %
SEIPT p 9AATEOL, REURAE AL A 200 FhIY Y 11788 BRI, i 5994
PG TINZE, 5794 3G TIL. TR ER S 1 BIE A PASCAL
VOC 2012 %irdjar 6 b3 i H ARG Bl SR AR 75 0] DA RS 340 5 VF 2 R 5 LY
Bk HARRS 2R . VOC 2012 |24 h 52628 AL 2 705 kI8, B
XA BRI T2 5. FRATHE o bl A SE I 2000 TAM-S5 AR5 B4 1) TAM,
SR e P B (AR O LA o AR T A 26 IR A TE A, FLFMIAE 5 LA
Z R ERAE KT 0.5, WHIAN I FHE A EREE . AT A TRt
%, FRATHH GoogLeNet-GAP Tl ity 24 5 17 el S B4R B PRM, it T 28
P B ARG B R TCE. FEF33, AT 45 R 5 5 i s Ik
AT T HOR . TR B, TAM AE4IRLE 938 1 MU RILR AT, TR %N
52.21%, X FIAFRA TR IR AE AR BORAIAT 45 _E AT INZE, (47T DA
JUEIR E &R A REI TR E AR, E3.955% IAM A DL 2 #A B ARTERE, 9 H
A HE— SR TH 55 RS H BHE 2 B RS

o A SR EUBR A T S BRI X T Aok, BIEERRATARALE— 1 H
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Figure 3.10 Salient object detection examples
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Finetune Use GT Methods THUR MSRA-B ECSSD
v v DSS ¥ 0.7081  0.8941  0.8796
v v NLDF ! - 0.8970  0.8908
v v pCBH 0.6940  0.8973  0.8315
v X SBE>? - - 0.7870
v X Multi-Noise!>*! | 0.7322  0.8770  0.8783
X X DRFIP4 0.5613  0.7282  0.6440
X X RBDD 0.5221 0.7508  0.6518
X X DSR ! 0.5498  0.7227  0.6387
X X IAM (Ours) | 0.7364 0.8643  0.8613

A% 3.4 WEYE H bR P-4 FREER

Table 3.4 Mean F-measure on salient object detection
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Figure 4.1 Top-k guesses of predicate labels based on object labels

JEEAETH RS IR I E K B AR S5 AR IR, A SEANRT DAE o H A
R ZR 1) FL RSP 3 T 8 IR 3 SR A TR T PR R DL T B, X K
TSR N AT TR 22 AT 15 Bl 56T A8 56 28 11 3 R SR 8 b BT AN [R) 379 St v i)
KF. BRI, M H BRI E R, RS HA LM, I H. top-5
B MERR S5 95%, K4 17R . FATET Transformer 31 iEHITH K 5]
B SUE B RASALE], A5 A SRR BI AT E KX R LRI o ANIF]
LA SRR i — R AR, S H AR X2 (8] VE R 2 > SR AR AR
W BHE L, AT 75 DA ) A S B B A 6 Dl R SCE L, AR BN

37



A PRS2 1 B e 07, B 56 A% Hfi P

% LB EL S g ) 56 2R R i o

A28 7R, AR IR A SR B ot ¢ 28 B n] LA 44 37 55t 119 55
b 5K 2R PR T B2 (1 2 B 8o AR RT3 LT SR TSR A 2 P X3 2 ) AT
KA, MBAT AR BT AR BB 14 5 FR i F AR, A n]
PASE SCHB B AR AR S R 8 SR TR DASE IS S 0 o SCHE 3, i EL3 mT AR H
PRI, DATE PR 7 30 e SRR

branch branch branch

bear. bear

water water

Image with proposals Commonsense Knowledge Prior Relation Practical Relation Prior Co-occurrence

Pl 4.2 5 FBLBE I AR5 PUNDUR R P

Figure 4.2 Illustration of the commonsense knowledge about visual relationships
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AT EIFHAR R A R K R ARRR R FE AR, RIO#EET
W R BREh 175 4. 28 PKT (Progressive Knowledge-driven Transformer) , DA
RN 18 B 7 5 A R B Fg T 18, AR &1 T B s e 8] ik
F2 5 ) D ImRRAE 2R AR AE AN R A SR I sk B R S BRI, PKT S
1) 22 S FERBIEAE H AR DI 2 SRR & X R BA LT SUE R, it
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Figure 4.3 Progressive Knowledge-driven Transformer (PKT) for visual relationship detection
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FEATTH, TATE JCHBALE K RIS, FHRAEZE 0 Ao e 5 =
RIKB A eds (PKT) MM RIS, #2E, RATEENEAT PKT 1)
GER, DASANRT A58 56 AR 1 R P S U 5 | 2 g e ksl =2~ . AR, AT
SCBIE PKT, PAAE IS AY 1 i AR AR 18] — ZR 81 ORI 56 ARSI -
PLAE I AR AR SR AN 4.3
421 EWRENX

XEF— @B R T A RISE K 3R A 15 LA G, a (1)
— L HFFEIE B = {by, by, ... b,}, b € RY; (2) XRF B b HAFHERH
PR O = (01,00, ..,0,}, Hfr o, € R, H C, HAFFEHAHG (3) AR,
PIPIZ R RLBE R R R R = (o, rp o FATE GBS SRR,
RN =2 -

P(G|I) = P(B|T1)P(O|B, I, S)P(R|O, B, I, S), 4.1)
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Hr S AR —RINNGIFE (S) — S = .. > S, AR R H R
ARG A SR 22~

B, HARMGIMADE P(BI) it — 41 H bR B g B AR50, % H
Py R P(OIB, 1, S), FATHE— 405 Hoop iy —4> PKT AE 9 HF AL e B e
PKT(V|B, I, S) Fl—AHHiE7r 245 POIV):

P(O|B, I,S) = PKT(V|B, I, S)P(O|V), 4.2)

Hp v 08 RARMNB HASFRIE, IR R ET51 2K S st gmtgim k. 5]
T S; € S alpAe 2 A SR RERS OB H AR IE] AN A A BE R SR BRAY G &R &L,
K428, KM, KARIPFEEER P(R|O, B, I, S) g —4> PKT JiJ LA
RAFFETEAFTRIR, AR RAFEDRdr. X PR R 15 =I0d
(£ (subject), i (predicate), 244 (object) ), XL “Wir” £ A~ H AR Z 1]
EPE TN e

422 HEEVFTRMT

AT AL K RAMHESE %O, R FIRM I IR 22 3 4% PKT (Progres-
sive Knowledge-driven Transformer) , PKT Jj&——ffb it DA—Fh R 15 il
AL SR8 TR AR R AL 2 > i A v . A, PKT fi
M —Z 5 He B i) 2 B B ADR BERRRE , HPrfiE 2  d A5 | 3
fHFRHATIE . 5B LRAE BB AR, PR m A T L Bk
sl VR R L o B B ik s AR B R

16 PKT ii—)2, 51 RSB 2 S B a2k, (el
ALK BE 22 3 oA E B R REAAAE SR IR A DX, AT A= Sl B il S8 B AR A R
ik PKT W vE S U BEST 2R B0 5 IR R R G ik IRRAE , B Hb, 4
K447 o

MIARHE V = {v,v,...V,},v; € R, PKT HIEXAEA v, 2 24
WE WCand W e R™, A5 5K S, HMHERR v, I HTHR
JIRUE Ajy 25 K HAWR B AR RKIARHAE v, -

Ap(vi,v;) = softmax((Wthj)(WhKvl-)T/\/E), 4.3)
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Figure 4.4 Illustration of the H-head attention mechanism in PKT
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K gy de: | PKT 0] ARG A KT HARK I X RIZ ML 15 S
FEIASEAT I 0 R RS , PRI FRAT 1 PKT 5S84y PR, DASE— b4 1 1) T
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Figure 4.5 Visualization examples of the guiding graphs and the learned attention weights
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Training Set Testing Set
Dataset #Img #Rel  Ratio | #Img #Rel  Ratio | #ObjCls | #RelCls
VRD P! 4,734 30355 1:6 | 954 7,638  1:8 100 70
VGl 62,723 439,063 1:7 | 26,446 183,642 1.7 150 50
VG-MSDNI®1-621 | 46 164 507,296 1:11 | 10,000 111,396 1:11 150 50
VG-DR-Net!®1:63] | 67,086 798,906 1:12 | 8,995 26499 1:3 399 24

A 4.1 SR AR Be v HE B

Table 4.1 Dataset statistics of VG and three cleansed version of the raw VG

JBRAN i s FATR AT A VGGNet ) Faster RCNN VAT 5 R A5 25
R 25 IR0 F BEALBR BE e, A BRI R/ INA 592 x 592, Ffifg, K
TR B2 DA 25 PKTOY 1 PKT'® . FA 1S 7 IUAS 4 3k 2 mibh
PAM I PKT. FATHARE AL T SE ] E S SR AR FEA T, SR 5 1 FAGr T 25
PO X e AT 50 . H ARG AN 5 B 43 SRR ] A2 SUIR A 2K pR R

Bodask gt WATEDIAFATROBOR S EIPRE kAT 3%, wdE VRDDY
(Visual Relationship Detection) #(3E4E, VG (Visual Genome) ¥#iids, DA
VG BRSPS T AR R4 . VG-MSDN!®? i1 VG-DR-Net!l, ¢
PTG E B IL#4.1, #lmg RE R 3L, #Rel RF X FEL, Ratio (LK
I P P2 1 5 28 H . #Object 1 #Pred 43 B FE HARAI ¢ 2R 128 BI%L

(BS54 T AR E A B TRTG, RATFE A FAE 5 B IE Al
A1: (1) Predicate Classification (PredCls), %57 KI1ZHY) H i E LR EHEFIARSS , T
i H FRIA] ) K 285 (2) Scene Graph Classification (SGCls), %3 3E K& 1) H A5
FUSCARYERE, TR H AR5 A I H AR a1 X & 5. (3) Scene Graph Generation
(SGGen), ZyE—MREG, BNHARERE. Hirtrs. HARR RS @)
Visual Phrase Detection (PhrDet), #55&—IgE%, TNAALE X RE BB ATHE,
H FRar BIRRRES , X I ) & R 201

P bR Recall @K (R@K)P! 5 it i 1T 012 v, DAPAS RLSE X 3
Rl vk, Hr, Recall@K (K=20. 50, 100) 543 378 5L K 5 = o4 ) AR K]
BT HT K =0l BB BT AR RS 2 o B R R T
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SGCls PredCls SGGen
Method
R@20 R@50 R@100 | R@20 R@50 R@100 | R@20 R@50 R@100
Mp [64] 31,7 346 354 | 527 593 613 | 146 207 245

MOTIFS 171 | 329 358 365 | 585 652 67.1 | 214 272 303
KERN [18] - 367 374 - 658  67.6 - 271 298
VCTree | 352 381 388 | 60.1 664 681 | 220 279 313
PKT (Ours) | 33.5 361 368 | 604 663 680 | 21.7 270 302

¢ 4.2 VG Bt 1o Z PSS R Recall @K 1% LL

Table 4.2 Comparison of the single prediction results (Recall@K) on VG dataset

EG, H— LR E 1 B G AR, B mean Recall @K (mR@K),
BIEHR e R@K 4 HIKk AR KR LAARAA, SRFITERA X REHIN
R@K 5440 P39, BF 3015 Y PKT 576 5 - A 3 SR A3 ¢ &
(EHEARTE WM RR) FRAZ5, FILFR AT 25 mean Recall@K
(mR@K) i 3 R LB TG0 . mR@K 8RR K R I
) R@K /M4 - fE . — iRl (O L pdg A H AR 2 ) B — R 5, T
it TAEIST Aot —t B AR AT Rk S BT, AT HA5 5 R 40 B FEa i 1
TEd, FRATTE A RIZ AT E R PRI BRL.

432 HEHFEHEITX

Bt A7E VG B4R LB T A B A A5 38 (8¢ — 7 5
Bk PKT B HEBE . R@K Il mR@K A4 45 SR N34 20134 3R . Al DA
A%, PKT BAYE mR@K f5bp ERIRTI RO W, Bk 7 PKT J5 ki A &tk
PAR ARG R R RE ST, WER T AT A G A IR ZRRE A T A
B R AN, VG Bidlde B XA AR A2, R@K 30 HH
PORERAPERE T, 11 mR@K 5 7] 55 Jah B 2 RE A A ) 21 58 22 NI S5 S i
A%, PKT 5 AR SNHE- T & AT PASE 22 s B2 AN 3 L 56 2R R AT Ft ) 0
H1F VG Bl de iy N TAREME RO, HRARAREAS B MR, AL SEER
TR BATOCE T8N H AR — A RAMIE . AL =M desk (1
}E VRD, VG-MSDN £l VG-DR-Net) ¥ A1) 5 ¥EH R@K 43455 PhrDet 11-55
R TR T IR, WA ARTR . BT IR AE T AR Ok, T
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SGCls PredCls SGGen
Method
mR@20 mR@50 mR@100|mR@20 mR@50 mR@100|mR @20 mR@50 mR@100

Mp [64] 5.6 6.8 7.2 9.2 11.9 12.9 2.7 42 5.2
MOTIFS 71| 6.3 7.7 8.2 108 140 15.3 42 5.7 6.6
KERN [18] - 9.4 10.0 - 17.7 19.2 - 6.4 73
VCTree [1°] 8.2 10.1 10.8 140 179 19.4 5.2 6.9 8.0
PKT (Ours) | 8.3 10.2 10.6 153  19.6 21.2 5.1 7.2 8.5

2é 4.3 VG Heiid: 2 e R WiS5 T mean Recall@K AT EL

Table 4.3 Comparison of the single prediction results (mean Recall@K) on VG dataset

VRD VG-MSND VG-DR-Net
Method R@50 R@100 | R@50 R@100 | R@50 R@100
MPp4 27.7 28.2 20.9 23.3

Vip-CNN®1 | 228 279
DR-Net /6! 199 235 - - 240 276
MSDN 62! - - 199 249
MOTIFS!'7! | 268  28.1 28.3 30.8 334 337
LKD" 265  29.8
FNet!!4! 260 308 | 228 288 | 269 326
KB-GANP0 | 274 344 | 235 30.0

PKT(Ours) 28.2 29.3 30.1 31.8 35.1 35.3

4% 4.4 {¢ PhrDet 1:55 1% Recall @K %f Lt

Table 4.4 Comparison on VG-MSDN dataset on the Phrase Detection task

HO2AE R@S0 fi5hr b, X FRIAFRATI 5 IR NS MASTRI I ¢ 28 fpeide vp iR 3l B 22 1
FALIE AR

BB A R AR WnsR4.5F7R, PKT fEfRFF R AEVERER R, GEFT Y
W 25 SR DT HANIE L T ¥4 o 3% BLIRATHE A5 JEAG I 32171 RoiAlign i (B
X SR P SRR S5 ) RO X SR T T8 PKT W] DA AES |
AR B IR I LA BEHAT AT S5 fe bl i D) BE oA 25 hl 5% 28 ORI A A 2
N, FEEEREY], PKT M T EA W X A G E AR, 5
MOTIFS ! 20, PKT B3 75 B A Wi B I 25 1 S 6 5% E ARHE DI 2R
X AL 55 SGCls, ARJ5 6 HARTUE I ZRiR S5 R, X MT4E55 SGDet.
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Time (ms/img)
Method Params (MB)
PredCls SGCls SGDet

MOTIESH7! 160 0 74 322
KERN U 147 229 236 403
VCTree!!”! 153 930 849 725
PKT(Ours) 142 0 72 252

%% 4.5 VG Btk LEOUS BRI ZRmt A6 o Lt

Table 4.5 The comparison of model parameters and time cost on VG dataset

PredCls fT:55 7 SGCls 4155 HF iy [l ML AT, AXEH, KERNE Al
VCTree!™) RISl B IR T2 L RIS TR, 18 SGCls YIHT B2 1, Al
i L ELS2 A HARHERI R BIARAE VN GRARAL , XY T 1155 PredCls. 412450
7, PKT AUHEEEWIISATE, 10 EAES BB I ZRi R s
A o Er 0 B0 ] (ms/image) #J7E—¥t NVIDIA GeForce GTX 1080Ti
GPU _Eflif521.

WHALE s ME4.6rh BRI AT R B T AT DA AR 4518 (1) PKT
AT DA 2R AR RLI S h LB 6 2 77 A IE B A TIO0 AT UE PR AT D SR 1 A
k. (2) mITERMERNRIRES:, PKT o] AT AR A e (H2 A B L
wxRA (BOFL). (3) SRR (BOFL) @2 hsiFnys (B
fE) SRR . TEARRM LA, FARERE T — 25w H A O PERE
433 HREAFR

PKT AlPAS 2 ARIEA R RARIESS, Joieef M s, #
SAUE R BB . FATTHE 4670 =I5 T AL AR 5 | 518 S2 1904k
[ PKT. N7 I 2= i H bR IR e AR i 20, FATIHE PredCls 4£55 LAl
FIRA 2 X R TIBGE ) mR@K FEFRPAGEIAL. T XL, FRATUA PKT
B

H TP B FRATR PKT e iy 5 Pl (A0 A PU A3t 8 WA, BRI PKT
(5 Ja W E I 2 Sk R ) TR AR IR, . R4 ORISR —AT IR, MMERMA 155
I, PERES B TR, X RIITESNRALRAF IG5 R, PKT AL 5
AR AR 15T

47



A PRS2 1 B e 07, B 56 A% Hfi P

' )

o T
on table-1 food-1

on

:

on
= . B ! },W boy-2 ] [bottle-GTlJ
- =1 B
=% ) | — [ shirt-1
v

wearing
%

o)

wearin l
" (rar)

Pel 4.6 PLUEIE Z A & A Bil

Figure 4.6 Visualization examples of visual relationship detection
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AR BUMIR: 24 PKT R A 0 iR A 51 S B, E3R4.601
FPUET, PTABRRIEN SRR R (S, 8¢, 87, ST ALY mR@K SRR T
H (8,859,898 F1 (S7,.87,87,.8") WAL, N4 S¢ v fr iy ¢ & 2 o i) H
BRI, S R HAg m o R R ST IR . HXTE, AR AT AT
WLAR B (87,87, 8", S MR mR@K 43 E T (87, 87,87, 8T R T
(S", 8", 8", 8" . EBFEFERNTIFE S 5Lbs Ll AR IR S" HAp iy —UORF:,
PR S” Al DASR A SN — M AL A8 R R R AR AR S TR . A DA_EBIE S m] AN
B, MEAER S" AT REFIVRCRESS, H HAEFRANTH A SR AT i %
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PredCls
Guiding graphs
mR@20 mR@50 mR@100

(S",S",N,N) 11.1 20.8 31.2
(s', 87,8, 8 13.9 23.0 353
(8¢, 8¢, 8¢ .59 14.0 25.1 36.0
(8¢, 88,8 14.0 23.2 34.3
(8", 87,88 13.8 25.1 35.8
(S", 8,88 14.5 26.1 38.5

#¢ 4.6 VRD B4l 153G T 515 BRI 52

Table 4.6 Ablation studies on different kind of guiding graphs in different orders

434 HRER

T PR E 1 1 8 EAR-BARXT I & AE SORHR, XYk, I Bl
PATEA R AT 55 AN i 46 b H AR RS . FRATTEE L T =Ml KA R4 2 )i
XRERRHR: KGg, KGy F1 KGy, 73 53dE B VRD £fladEf) 30,355 4>
KF, VG HHHER 439,063 1K F, PAM GQA iflide (R HMERIELS) 1Y
3,795,907 A~ K F, BT HE 2 5 AR JA LI IR R B R I SE A AU S A
i FRAEIN LRSS dyy ) AP ARR BN FAHILE: ) (KGyy, KGp) =
299.7 > d;(KGg,KG;) = 196.8 > d;(KGg, KG,,) = 1434, XA ST 55T
R LS B AR T AR X . AR JE R TN T AT R A 52w, 4
BATIR

ESBRAMBLTR . 5K VG AN KGy, 5[, fE VRD $idiidk
IR PKT PERETE = (FE mR@K _F#ETHZY 1%), HAKk B L2000 K R kf
R KG )y, AR 5 a8, AmA #1T VRD [ HERESE Tt .

VAR5 RIS : N T E— 0 0F PKT 25 H 2 53k 5 5 —MES 0
HIRWARZS, FATEMEA VQA {1551 KG 1t VRD #l VG a4 Ll %k
PKT. £ VRD fl VG $#li4E il KG9 PKT fy:fE 5 HIEL (VRD+KG
M VG+KGy,) %, MIMEHET PKT 15 3R n A AE M .
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SGCls PredCls
Dataset | Knowledge
mR@50 mR@100 | mR@50 mR@100

KGg 6.5 6.7 12.1 12.4
VRD KGy, 7.5 7.7 13.5 13.8

KG; 6.8 7.0 13.0 13.3

KGy, 9.6 10.3 18.3 19.6
VG

KG, 9.4 10.2 18.2 19.3

46 4.7 1¢ VRD I VG _LIESIESS MBS Ba il #%

Table 4.7 Knowledge transfer experiments on VRD and VG dataset

4.4 KREING

BERANI B A REAS B DHE A ST B A, AR EE g 1 b =R g )
sy (PKT), AU A TRRE i RS AR AL Y 5 3 R AR 1k 2R U
RS ZIE, ATTHTBIAESAA IR 5. PKT 15 B | B a2 ) ARl oe
DAk 2 A TE SOOI, 2R 0T SIS B KRR R KRR AEE 2 T
24 [ H AR KRR e Y DXk R SCiE R, AN (e o DXk 1B 40 3 1 S R IR 1
PKT n] ARSI G2 FEAVAR, F HAA R, SL5R], PKT
REMS S MMER IR AT LI /301, (RIS 2 sl /b 7 BRI Rt a] o
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$5E ETrUREEBENATXREN

TEGI ARG B AU ¢ 2 2R R, AR H AR ) 2R 3 bp 2
RIEWT KR, ENTEEIRE E R X R IEB B4R, B {F/K (subject), %K (object)
— 151 (predicate) }, 454 {s,0— p}, FHHIRMSCRAHAMBIA T WK
F IR ENTHIRITH R MR & R R GoT TRl T S S5 ok, PATR )
Bar o= A e B0 Bl o R a1 0T Sl TR TRk A M S B R e
MR S, DR B2 B LS O R AR H AR . S5 oh— 2 AR
AL 2 TUARTE B 0 R B b 25 0 1) i 22 R P00 o By L 06 R A
TR EERY, 24 BRI A I, nTRERY HARRT AL & SR, X T
BEHNARITH AN R AT 8 4 1 7 55 A R Y AL ok SR I R 8 A 1 S I o AR AR
PR AR PR RERF R 2 BT HR I 1 o M

5.1 #RETE

N T EALSE S AR A B S SR IG AR S T P R R, AR EER R
5 #£2H CGR (Configurable Graph Reasoning ) , %5 AR — FR A T HEHAT
{s—>p}{o—=p} {s—>o} M {o—s}, PARRRFILECHHER, I Ha:] nfifzh
RS HBZH B T SURH 1 98 A PR A AR B L8 ¢ 2R RO TR0 o FLpAHlL, A7 1) 5% R A
e RS (BARFITETARRSS ) 2 18] R HE SOR M AT I A 2Ry« B2
TR ARRIERL AR, FRATE SIS H AR e ¢ R A RFAE AP C K38 B v iy ST
Ay TR P AR N SR 2 TR] R A 4 SR LA R SR I SR RRAE , B
B I 2 GRS ) Gl R R AR B G B[R] T R AR R R, P
B ] DATE R IR R B985 N R e e 3R A i B i R B R s 3
CGR [RCEA (FEUEERBIITR) I UL BRI, e 25 2E 2 il
AR S A ol TR 00 5 PR A

SRR C B R AT, XA [ B P AR IEA T RS, HAR Y
R B S R D S AL A AR, TSRO 6 RAEFEEIEA AR,
HHRBIRAKZR IR CGR A5 A AREHEERA AR E A, HEOX A
BLEA R Z A A AR, ATDA T Bt PERIml . anfsls. 18

51



A PRS2 1 B e 07, B 56 A% Hfi P

Input |mage Fixed reasoning path Dynamic composable reasoning path
——— (0 0)—m t .
.| ’:ﬁ Retrieved knowledge Retrieved knowledge
/ GT: sleep on P(pre|sb] obj) P(prelsb]) P(prelob]) P(obj|sbj) P(Sb}|0b})

Pel 5.1 [ g & DA HERR S ftd bl

Figure 5.1 Comparison of the reasoning over a fixed path and dynamic path

ANy M E HEPR AR TP R BN A AR Tk {cat, car} F1 “sleep on” Z JH] ¥
FEU KIK , XTE M HI AR E P AR WL . M, CGRIESEK T P(pre|sbj = “cat”)
AR, X B8R {s — p) B RIERRER G Ty ukSE

CGR WL FEAEA T =AT5 T : (1) Al H T B i) AR B B2, CGR
2 TRV & 22 B I A HARE M 24T AR THERE. (2) CGR #EFEE Ly
P 5 B HERE G | AR TR RE , S T RIS AN AN 56 22 28 511 H il iz AL e
J1. (3) A5 Rk BARREARE A AR EER T A, REeiass
KT ERAEREATHEIT . 78 VRD $R5EA VG Fdnse b ATr R &SR0,
CGR TEALSE K BRI 1Y 2B e E R I T A TR . TEAIE K R
RAY K Z_ERY L R R I T FATHY 5 AR AN AR 1 4 Jokb 7245 5.
AT B 50 56 A I o NP2 A SE B IERH , CGR R AT RAMGE F % 2 gk 4%
HR, T ELA T DASIRHUE R N TR T

52 HHEEENSZEIH

ST EAEI (COR) HUMLIES R RMIERITAS A F A5 (1) h
FARBER 3¢ R B A BAERR  (2) MRS IR R TR 25 A2
KA (3) i AN K R MO HEFRAFE A MSRAY TR (4) B
SRR HGET b ARA .

521 4HERT

FATE S A TE AR P e & AL e JC R A AR AR IE R, M AERLE
HPRURIR BRI 5 2R HHEBE IS 1) 1 AR VR

HbRDXBRERAE : XTI 1, 314 1] Faster R-CNN 24 i i g sk 42 B H A7
HE B = (b)Y, Ht b, =[x,y 0y, by SEHEROARAR, U BIRAERAE A 0.
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RBRIHE: W TEEMAARFER B AR b, 6,1, 1746 N(N = 1) FhA] R 1]
KR FEIIBEMITERCE, BRATE L N = 512 RR0EE R ) B AR i
KAE o FRATHE > B 0 28 I SORAE I T IAR-ZAAR 1 B ARXT [B;, b;]1 IR A5 X
SHRRAE o, AEAHIAR TS TRRAE , 2000 4% 43 SRS N D) £ r ) ROL-Align J2A5
EHRIREEH . X330 B 2 R R AR Bah X, I ER (F
i) RIS .

FRARI VSR : X HARXT (b, b)) ZIEHLSE R (s, p.o} AL,
CGR H e LB AR — RN T %A, HPh S mfigts, —Fhglm i
TR, W {s - o} Ml {0 — s}, H—PeRi LMk, W {s - p} M
{0 = p}. TEBEAE {s — o} Fl {0 —> s} A1, s Fil o BT ASAE K HARAE b, 1 b; 19
DR of A1 of, WX T A2 {s — p} Al {o — p} W s T o, HATREFAEN
v? = concat(v?, vf)) Fil v}¥ = concat(vf, o), e TR E R A

522 EFEIDERA EHEIE

AT CGR WG T MM AL A S SIE XS 58, Wt m
(15 A AR 3 T 8 R L A SR R BIAT 1, AT T B T T 26 2R 4R 31
s BRI, X = (x) N, x; € RPY Jmtg g o IR 8 T
ARG AR PRFE . T S A T 2R 0 o AERAE 1 PR B A e DA 3
TR Y = g(X). FEART, hTRLEEF, FOEA T BT TR i
FIRRAR I PRI . HEFTOLE 56 AR IS, PRI AR g () ARFRAR AR [ SUAH]
KA TIEBIL, PASEIUAEA [ T3 72 b A

SRS s BRI B A TR S vk 2 1) s A e, e T DASE
SChGE = (VR ER), Horp VR I EX IR SR GIINES. B2
AT, A AL A AR R A S, B EARARAE (S 2
BB ) R AR (ANPES. 20 T ) o WA 8.2 ) 3 363 IS
55 P L 5 BRGEVH T R S IL BN . AT SRR I GF i AR R
HAeRMM Hh M =C+K, CH K450 BEFAERLENGEE. H
oA, j) B S B IL R BT A J S, R TR TR A
P ORMERI R AORRAS . AR AR 4 A FE R R 2B AR, 1
WA MR s = 0, AL, W 0> s, A, MR s — p, AR AL, R 0 — p.
I, B— AW (EMEAT I B, 3 I AR AT RIS — kA A
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Input image Region feature Knowledge graph

________ trash
%} of person
has
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Object detection and Knowledge
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Feature extraction matching P 9

el 5.2 Pl B R

Figure 5.2 Illustration of the graph reasoning module

Adjacency matrix of

Commonsense visual relationships commonsense knowledge graph
shirt wear
man -§.... +'5 @

e et
C A
PP wear-}.-f] i
b biamnalins = Ap—>0 Ip
¢ legofman cat on building

Bl 5.3 5 U I R it

Figure 5.3 Construction of the commonsense knowledge graph

TR AR TAPEAE . A R I 6 AR R B AT, TR AT DA 4
WA E AR M2 R 56 R IR = S04, B AnIE5.397 /Y (man, wear, shirt} .
=TT TR LI, TN R (s.po), BATIX
A(s.p), A(p,0), A(s,0) 4N 1. T HIHTS SARHS, FRAT6E I BUA i 1 e
GE 108 R IR P GF AN LRI LTS, 5 LR S = (s, )., € RES
BHAPCHAL: T4 TRA AR TR 5 HR P A 25 &, CGR KB A2 h 4 5
R FE R4 5 B B R R PR B MO SR LR 95— X 23l . CGR i
ST AR UGG R SR AE X A0 SCREBE 2R F I P b SR M R
H":
H" = (c(XxW)Txw*, (5.1)

Hb o) &2 softmax i & BUH LA — AL A A 3T S AR E M A 1. hT
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S AL R 6 5 M ASEREHTE S, BT S T2 3T e i
W e RPM Sy 1 B G ARFERO 4R AR I3l 25, &A1 X W € RP™XP",
PEURN = /A7 T R B RIEASILSE 3 B 2 IR U R 2 I, DAZSH f A
S SR BT SR S I BT, A e R A K R S
Y5 . CGRE MR EIL AT A &R HY LTRSS, AT
B AR RE B
H = c(A[H", SIW?®), (5.2)
Horp W e RPHDXDT R AT SR RUE A e B T JSUUA RO SR BE A 1 A
HEAHEE S USRI R, N T RPe A, Ff15% GONI 45 A 17—
IR SN 1, B Q 2AQ72, Hirh Q & A [k iy s A
R T AL A A 0

HY = 6(0 1 A0 I[HY, STW™), (5.3)

Hrp A= A+ T2 G* IARBARIEI RN T 1 742,

FRAESE T AR T RSN R = (5 L R 3R H TR T4 5 4
WUSE 2 RO IR) T B PR AR AL R A0 BE 7. Pl TR A DT PO PR S A
BT, DR IR (T L A A ST, R S ER I H %
336 AL LS A X

H" =o6(X, H IWHH"W?,

(5.4)

Y=X+H",
Hop W e RPN g Aup ) R E SR, FORAGTE HY R TR A
BT X HORIZSE. T S0l R E R, FTE X PR X € RVMXDY g st
PR A € RVMXD e @ DDyt G i s ] Ry A7) 248 B 1 1)
B, B HT R HTEN X AR, S8R I TR AR S
Y = (5,5 € RY,

#1_ ik, CGR it SA-BBPGT R MR (1) R T i s e
Z SNBSS AMITT, AIARS. 1 (2) TSRS FR P IEIRIE UEE,
TEAEA RO R BRAE, ATRS.35 (3) B4R o7 Je e 8 B P45
A RBMFT, WARSAFIF . ASS.IRIASS.ASE R DASK A 8T A A
S5 B2 TR SO, LS AT R
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Figure 5.4 Illustration of the graph reasoning module with visual commonsense knowledge

W G R— AR, PR (HAREAIEaRss) &k
XA A AR 2R3 (BN, £k — &0k, 180 - Bk, AEEE -
TS ) o TR [ AR A P R T A CF R R 282 i .
IR P RN B AR O B B 2% ), FRATHY CGR RRISIE R IR A 3K
(e SO, TR AL S0 & R T . FRATHF 25 A AT T B HE R i
A=A (1) XTI R e AR E B A6 S B AR H bR e 160
ST G R ABEERERE A BN [l 0t 1 AT DATE Pl P A rh ST Y
AR T AR o SCAR G, FLXT R 9 T R 22 W o0y AR 5 . R
A DB B o IR A AT RER . (2) FERIRVCEC I fE
R i A BB BB AR T SCAS T, 1) R I B S A sl A T 4 AT R
S, AV ATTEXT H AR s RIS S TR, A R SRR
AEEPAT TR EIETEAHERL. (3) FRATIAT T S8R AL BGX AR, (1 57
P ) CGR 1685 —2H R 25 B ) CGR PERBFH 2 .

523 EHIBREZERE

3

FRATTASBER PR F TF O TR TR R B0 i A7 P 3 BT mT DA 2 T8
KARIHER, PRI RE AR T K AR HEPLIN & FE IO AR, DRSS AEHER 5] A
WEPS AT o BT I HERC A, DABRER A 98 TR 7K SR L)
N TR AR R

FC BB e s FATI A B T AGH Ao o i ) S 1] 4 PO A R 5 ) 8 R SRR S 7]
FRRERRIE . NI, FRATERRRET AR AL £ () AR IR AR HERE, RS
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fili i} Gumbel-Max } H 7221 softmax #4351 70731 #EA z W DLRAE H 2514015

= {x,....m}, W:

z= 0ne_h0t<argmaxie{1 ky(log(r;) + 0,-)), (5.5

,,,,,

Hrdt o = —log(—logw)), H u ~ Uniform(0,1). K525 z {FiX B E— k 41
one-hot [ . 7E CGR H, @ Z(l I H HAHM R & — o B iE, |
WFRATEE k=20 z @A 2 4E R RN R AR, 2o 1B —D/RIER
TR AR LA 3 R S T B A RRE . Gumbel-Max 1 softmax A5t 5 v 2 F 7%
221y softmax pRECAER A LS. 5 AT 4> argmax #fE

z = softmax((log(m;) + 0)/7), (5.6)

Forr Softmax pREIIREEE « FEFRATSET il 1o FEUIZad Ry, o EBER
P A5 55 z DABREERT & 4R, O BRI AZNS.61H B R T o 98 ATEFT I
L. T B, FRATA AT Gumbel RAE, G BRI R RE. AT
BN ] AL AR 1) B 1] B VR LR R e A A B 5T TR B L
TRy € Y R ARHE, #/a)i% Ui, RPiEiE Gumbel-Softmax (GS)
HEA v 5 e

e; = GS(W*Py,)), (5.7)

Hit wer e RP2 BTSSR, e A~ 2 2 i fik F DA B S5 75 4 )
SRR S AT v, BT TN . Tef]a LB RO BB o(), A
Sy B v, B Y, B X

dy;) =eox; + €1V (5.8)

W ey =1, WAV y; 103 RARH B AR, SRS, FATEA x;. ¥
BN TR IRIIR, ATAEIEILSE K AR AR . COR B I & PUA e BRI
XL F AN R TR AR o X SRR AL EHEBIRER 2 )5, H ABS A
SRR SR A AFAE o TORR A AR E BB 5 R P PG AN ] 1 B AR Y
BRR, DA TALSE TR Z [R5 R0, AT ] Ay S0 56 28 S0 Bh S e At
pSINA

FHOGER D s 15,5 R R T AN [R] ) P AT 1y At DA B LR 4R Ay 5 TR N
Wi ATPARF], CGR RERE AL K 38 M O S e £ 3 A Je g M s
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Outputs of the configuration modules
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Figure 5.5 Examples of the outputs of each configuration module

PR TE—1F, T TR T (KN §,, = 1, by =1, by = 1
B oy = 0, BEIIFRA OB RS T8 ABEIAINIER: (cat — ear}, {cat > has)
A (ear — has) FHRBIRIE, DUTHRT IS ICR (car, has, ear) (5], 1
AT, FAHIR (plot — in) WedkEE, T A HALF

RO = A o EE T COR R T3 (1) et
AR 2 P2 B AL 22k Th T HE R , O AR A P 25 2647
LRI (2) EIRRER R R MR, I
S IR M AT T S (3) T RS A S B g
SR L T COR W] DAfRIF e 28 MR [ AT S ST
524 AMBERBN

P 56 A B T8I0 142 rh i AR A BT 00 4 06 A 22 [6] (37 5L 9%
Z, CGR I T ¥ 5 2246 I i A 20 HE 24 Jl 401 PRIS.60F 7 . AR IXIRARAE V- =
(N, v € R¥O% Lt , S5 FEREE VS = (0}Y, A& IREHE
VO = ()Y, MBATRE R AIARRAE R VP = (o)) BT R AR b R
Hn] 5 SCRRRER g(), Hofin Ak ELARE 3¢ R IR AE , 3t it 5 | A I 3 Bt 0
TORAE T R . WS 6P, AT TS BIE—A
IR g, B gy 8omps Somps H 8omso IXEERIHR AR IAIEHENE
A HEER B FRIBOR R 2B IE SORI 56, DA R TR .

Ak BARMERNEEZE THZ s > o fil o > s LRI
8o M1 8omvy T o FEMEFIBLHL Y 5 B2 S IR AT BRI by, A1 @, TEXATRRINE
T D VR A B B £ R S R . TR AT 2 2 S (MLP)
TRl AR 268, BRI H ARSI BIARSE L = (5N, L0 = (103N | K
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Figure 5.6 Overview of Configurable Graph Reasoning (CGR) for visual relationship detection

th 5,12 e RC:

i°"i

L* = MLP(¢,(g,_,(V*)),
L% = MLP(¢h55(,.,(V*))).

KA, TNV T ST IR g, B g,y JHUARIESER (s — p)

A {0 — p} BRI A PSR FVAIR . AIRZHE, Fo 0 BB &y, o

R YRR R S RRE, DA — MLP 2 B8 R TS AR LP =
(N 1P e RX 4

(5.9)

VP = ¢, (gs- p(concat(V?, VF))),
Vo = ¢,,(8,-,(concat(V?, V'F))), (5.10)

L? = MLP(concat(V*?, VP VP)).

B T RRSERAAE ASL , FRATTE % 1& H b DAk 23 ) 475 5L DA S AR RN 1R H Ay A
o BT CFATRT AT B 2 1 5 R I BRAE 4R -

17 = softmax(i’ + ;" +1¢™), i = 1,...N. (5.11)

—MBE R R BIEE RS (1) BARMBRBEARMARSE 11,175 (2) W%
R EARIHEARAR b°,0%;5 (3) FEA-FMXTZ IR K R IR 1]
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53 SRBEERRKRSH

AT RATAER A EME PP CGR pTERE, & e B 2 PP 7 vk 47y,
HE R CGR PERE S BUA AT EL , fe e i — 2l CGR X R AR AY
A

53.1 FLEIEENDE

Bl s FRATIEE AP 5E 5 R A AL RS VRD (Visual Relationship Detec-
tion)**) 1 VG (Visual Genome ), SIEAiF 1197 . VRD 425 5000 3K & F-
(4000 5KYNZEE Jr, 1000 5KILFE f), A 100 4~ HFRZE531F1 70 SRR 5. VG
£ 75 89,189 5k J (i 62,723 Sk Tk, 26,446 5K I T-iK), A 150 ~H
FRIEHIAN 50 ANE T 5

VEBNAT S5 P ks s FoAT 0 20 LA DU R v 56 3R PN 14 45 e A T AR L3
I, SGGen, PhrDet, SGCls, #l PredCls. 11 f] Recall@K (R@K) #{ mean
Recall@K (mR@K) EAIHMAEHR. AL FIHEIRAI RGN N2 0L 54

532 EiRFHRASH

Goikes e TEscm b AT = HARE: KGg. KGy 1 KG, (Hrp
S M AL FoRAREHE: N Py R =ADRHES HIGETHEE VRD,
VG Fl GQA ¥, 4B 5 30,355, 439,063, 3,795,907 4~ %, 100, 150,
1,073 ASEARZES, PAS 70, 50, 311 ANEiRZE50.

ARSI U FEEIS. T, AT [T 8A E iR SRR e o]
PRSI DG M ERIE R . BARHL, AT B R AR R e T VR e 23 T
BEHE T RERY F244 s Z 04 o FIIETA p 9AR%E . FATTHE VRD #1 VG Hdlide EiTAh
Top-K fE M ARE R, 3 FZ B AERT B F1iH VRD-K G5 il VG-K Gy, PAKK B
AFEIEPFIHE VRD-KG, #1 VG-KG, Accuracy fi 5 i i il £ il I AR X T
P TCERARSE AR . IR AE ), XTI VG-KG )y, 1 VRD-KG g
FEAE 5,0 — p BSEMIRG FERE &7, A RNERRT I AR A R B RIREEAE . SR, 24
i BS 3 IR A T B, 940 VG-K G, Fl VRD-KG , #4642 5,0 — p I35
R FEA T HA PO Fp 726 A2 W A, X U0 TR P AR o — e
R ANz A
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Figure 5.7 Accuracy (%) of the top-k guessing results

533 Sed\AiEdHTIT

VRD #lI VG [PkfiE: #5.1RIFES 3458 27~, CGR #E VRD Hil VG %
Pase ERPENZE R T B Tk RO TEAE VRD Belig s EyvAl 1 0 A R i
Faster-RCNN 46 2 J2 I (O P B , 0356 I VGG-16201 414 L% 43 5117 ImageNet
1 COCO _EilIghir M2, X1F VG dise, FA1E H VGG-16 il ResNeXt-101-
FPN 3741 25 B2, CGR #E PredCls #1 SGCls 1145 R T LA, 1P T
AT IR R AE ) . HIXTHL, 75 SGDet Al PhrDet E42TH8 /N, Ak
A2 E) T AR I SRR A R . B8R, TSRO I #5451 SGDet Fil PhrDet
S R YRR . AR TR, BT e T A U AR I 28 3
RIS F AN I 45 A MRk L I A, AE 5.3, FRATERBIAAE VG $idase L
mean Recall @K (mR@K) 34r. 1] PAFE %] CGR 7£ SGCls il PredCls _I- [ 5E
BT BUA I, UM TR X 220 LT sE o

FEFS BT TERS 2 AL R TR [ YEIHERT . N T 3RS & A )
g5 MOTIFS ! B By AN Bty I 45 1 S A ELSEAR HE I Ay, SR J
JHEARAG DI 750 ) A S (AR A HEA T 0 . A2 R, KERNUS! g
YIZd R e B2 th—, e T2 B, KERN (ff fil ZL5¢ HARMERIARZ: 112
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SGCls PredCls SGDet PhrDet
Pretrain Method
R@20 R@50 R@100 | R@20 R@50 R@I100 | R@50 R@100 | R@50 R@100

IMPpI64] 240 254 25.6 452 486 49.0 13.4 152 27.7 28.2
VRD MOTIFSU | 242 259 26.1 495 535 54.1 154 16.8 26.8 28.1
CGR (Ours) | 258 27.6 278 513 553  56.0 15.8 16.9 282 293

RelDN/!67) 348 348 34.8 526 526 52.6 21.5 26.4 28.2 354
ImageNet
CGR (Ours) | 358 373 381 555 570 577 | 217 265 | 287 354

RelDN/67] 347 347 34.7 524 524 524 28.2 33.2 345 421
COCO
CGR (Ours) | 36.6 375 380 | 559 574 581 | 284 346 | 345 422

# 5.1 CGR RICAT Jii:fE VRD %4 11 Recall@K %} Lk

Table 5.1 Comparison of our CGR with existing methods on the VRD dataset

ANTE R PEREAT 55 IR A R AR AL, il ] Faster-RCNN =46 21 14 H A5 X H
N2k RelDN FIFATHY AR, 415 29 frs, AU Il ki 8] L VCTree
F11 ReIDN 7>,

SGCls PredCls SGDet

Method

R@20 R@50 R@100 | R@20 R@50 R@100 | R@20 R@50 R@100 | Mean | Time
IMpl64] 317 346 354 | 527 593 613 146 207 245 | 372
MOTIFS 7! 329 358 365 | 585 652 671 | 214 272 303 | 417 | 04
KERN!8] - 367 374 - 658  67.6 - 27.1 29.8 - 0.9
VCTree!!! 352 381 388 | 60.1 664  68.1 220 279 313 | 431 | 25
ReIDN67) 36.1 368 368 | 669 684 684 | 21.1 283 327 | 439 | 43
CGR (Ours) 362 389 408 | 67.8 693 703 | 213 284 327 | 451 | 16
ReIDN (X-101-FPN)!®7 | 382 389 389 | 672 687 688 | 225 310 367 | 457
CGR (X-101-FPN) 385 400 411 | 683 697 708 | 229 313 368 | 46.6

#¢ 5.2 CGR fIC A iTEAE VG i 4 11F) Recall@K %}l

Table 5.2 Comparison of results and time costs for CGR and existing methods on VG

Tk arh ) RS, IR R A T 2 AR TN R Wt iy %
F, AN GRBOR AR 200 55 BT T RER) X R LA EL. Lu 2 ) i i A
I KRB BRI KR I, Liang % AN 77— A KBUE LR KA
A R BRI R . AERS 3P ERIEIRRY], COR A BTl A%
IR KR . K5.4F CGR HZ a2 > BB Yo IR E T RS, PATRAIE
IR R RSy (B0, KA FR-E-2 R4 G, EASTM
TEWNZRSEH ). VRD HlladR 8 37,993 DR RSB, b 1,168 4~ X R AU
MR P AR B XT VG B, FATxE 7601 AR LK &R k4T
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SGCls PredCls
Method
mR@50 mR@100 | mR@50 mR@100

IMP 641 6.8 7.2 11.9 12.9
MOTIFS!7! 7.7 8.2 14.0 153
KERN!!8! 9.4 10.0 17.7 19.2
VCTree!!3 10.1 10.8 17.9 19.4
RelDN!67) 11.0 11.0 222 22.3
CGR (Ours) 12.4 13.0 23.2 23.5
RelDN (X-101-FPN)1*71 | 11.7 11.7 22.5 225
CGR (X-101-FPN) 13.4 13.8 24.4 24.6

£ 5.3 CGR MEAT i1t VG B4 1Y) mean Recall@K %} kb

Table 5.3 Comparison of mean Recall results for CGR and existing methods on VG

Dataset Method SGCls PredCls
RelDN 7] 35 113
VRD
CGR (KG;) 94 220
RelDN 7] 80 471
VG
CGR (KG;) 434 1613

2 5.4 F a2 BOE T IR BB ARG &

Table 5.4 Number of correctly detected relationships under the zero-shot setting

WAL, RS 4FTR, 7E SGCI Al PredCl 3117774 H RelDN A EITH & % £

WAL FLERHON RN S i TS AR B R IR, (A
IR TR I B R 4 . RIS Srh IR ATTSE TH RS T 9 I B AR B0
MFIRIER: . EIS8RIREERE (s — p} ERYRCERI ¢, MERAGFIH.
woman Fl of HEYEAE, FATNVAA: HOIE E ) 2 0080 A% 50 iE AR E .
MR EH: (woman — lying on} SREHAPL b, WG, TEAKIEREH PRIR %1
UL ARHERL G X R . MR RS HARFRAEET, Qi sofa B bed, A%
{woman — lying on} J2& SN AIERE M. H Itk CGR AL LT w8 BE Al Fi
MHERR A, TR NI KR

5. 10/ /R FRAT T 7 VA —SE i IR i, S CHE TN % A B 1) T30 ( True
positive ). UMl st 1 GHERINIZ (False negative) . 1 (1 G FmFA TR
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S| ere > 4 -_‘ (o]
cap (g
flag o l?( ? % covered in

Pl 5.8 ¢, TE#EHE subject — predicate LG IR

Figure 5.8 Learned knowledge graph w.r.t subject — predicate (selected by ¢, )

A SN E AR ARV (False Possitive) . MURBIHAI A, FRATHIELZL AT AR
I FNRELIA S AR E AR R R . IeAh, ARIES S EUR B e i %
FAT AL CGR AT DAL PR oA A0 85 ) B B S 2R T
WES 10 s —ANE R, FROTI I R IERf T T “wheel-1 on truck-17 #l
“sky-1 above truck-17, 4k, RFM T A X2, 1 “sky-1 above building-17,
X B AR A “sky-1 in the front of building-17. X 2Kk CGR 7] PAZh S &
WHH, LA S HAB R SRR C &R

534 HRAFFR

AFIRHERL Tt RS 5P, FRAIMIER T VRD Rdlade EANE 7 #Aer)
BeEALH, HXPEIEA TG . AT HIAE COCO EFIZRATRL G EE M . 5
—ATER M CGR R AT e EASTHR AN S5 R, SR T A T AR AT 8 T IR
W, A ZFHAE B Z R FIR R . 5 AT TAT 28 T CGR /]
FALAN PE B ASEHROR B S T R AR A REASTE A [F] 4 1S LA b G R i
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bad%alk snow
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streef
)
o on ing on

Kl 5.9 ¢, 1B HE object — predicate LHii% AR

Figure 5.9 Learned knowledge graph w.r.t subject — predicate (selected by ¢, )

igE, #iRE/R CGR 7E SGDet JAL 55 MRS —PEPE T . fEf5—17, CGR
AAHTIA TR ECEB, H B AW AR E b 5as SO etk A
TR K R AGMAE: 55

Gumbel-softmax fil Softmax: CGR {ifi f] Gumbel-softmax &2¢ > B3,
PR AN . N THF9E CGR M2 AR AR, FRATE M
softmax f{ Gumbel-softmax >R FUMMERARAALE , DAL & BRI BIALZ J5HY
FRIE. QNER5.5M5E 51T HT7R, CGR (softmax) (1)1 BERE 1K T Gumbel-softmax , 3%
WERH T B AT A B2 A TR 56 2 S50 ) R R RE T
535 HNRzREME

M TCER Z AT AR KPR R R AR 5 s @ ey, I BT AEA
[F] AT S5 AN 4R | H AR RS o FRATIH AN [t B4R AAS (]340 3 1R
PEFN DO R MBS e b A TS0 il Ak, FFPRAL X RV i CGR ALY PERE. R T Ik
BH R EE R E 0, FATIRE T PredCls {55 ERY R@K 4528, ZALF5 %
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person-2
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next to
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N

Pel 5.10 CGR BLHE S F AL BilPel

Figure 5.10 Qualitative results of the proposed CGR on the VRD dataset

SRAGE N B SEARTERY B ARHE AR BR AR5 R T 2% £ AR-F AR Z T ) 6 R 28 3.
IIEHT L1 BEES dyy (-, ) SRPRAEAS [ AR B Z R A M . TR B R B B
d;(KGg,KG;)=196.8, d(KGg,KG),) = 1434, KG, 1 KGg 2 [Alfl2E Rk
T KGy M KGg ZaHZER, FAINEBIREMBEALSAME, AR IETE
VRD F#f Tz 525 .

VSRR IIR : FRATE SEIRIE T CGR AN B e 5 I EAZ T
RFRTARARE S . MRS ORYETIATH, FRATATLAE R, (/1] KGy 1) CGR 1E
SGCls # PredCls FRyMREE S T KGg 1) CGR, K KGy, &M VG 545
Mk, fWEHELZRHRER, WAL COR RZ T E I, AmA Rl T8 %
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SGDet
Model
R@50 R@100

CGR (w/o ¢(+)) 27.1 33.4
CGR (only ¢,,) 28.1 34.2
CGR (only ¢,,) 27.9 34.1
CGR (only ¢,,) 28.3 343
CGR (only ¢,,) 27.6 33.9
CGR (softmax) 28.0 34.2
CGR (ours) 28.4 34.6

¢ 5.5 Pel i PR L B B He G T RIE 52

Table 5.5 Ablation study of the configuration modules

SGDet PhrDet
KG
R@50 R@100 | R@50 R@100

CGR (KGg) | 27.8 33.7 33.7 41.3
CGR (KGyy) | 27.6 34.0 334 41.6
CGR (KG;) | 284 34.6 34.5 42.2

#¢ 5.6 VRD Eifiidl L5 AR 55 M Bl R m iz A S R

Table 5.6 Cross-task and cross-dataset knowledge generalization on VRD dataset

R

BRSSO Tt PRk 0y A2 A HE S H AT 55 e AH
REFHTARE, FAVEMIRE VQA (E55 1 KG . 1 VRD dladk Eilll% T CGR. A
2560 — AR AR, KG 1Y CGR WHERER BT KGs Ml KG ), ) CGR
AIPERE, iR CGR TE R NILSE 5 A8 14 1938 I HE B T B AR S BRGH MRS E 1Y
HITRER 2 5 T LA e 25 e

54 KEING

BT E R R RS AT AR, X RR Ry I R AR A E ™
HEOR, AL TR AR R Bz AC S R o ST XF L, ATt T
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I E Y K R ASIATIR 0 IS S G, DASRES S0 I e TR . 3,
T 7 T AL e % R P Al e B KR (CGR) J5ik. CGR fE 24> T
TR R MILIE K R H G HERL AR, I TR SRR A R T HE
KAMEHPA T HAE. CGR 5 A HAR B G AN, b S 45 1) — Bk R AR AER
RerHARs, HASZRRE T RAHBY .
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FoE ETHRERGHHVEFATLXRZEN

AFRERIE R AR IR N ERREAR AT, 24l R ZRpeA A LA
), FATT BT R T YIRS R R . % AE 55 A8 BA Pk,
—IE KRR IBIEE Y L2 AR BARE G, TEAREAR B0 A7 FRAY I DL
I, BB DAZE ) BIMERR Y & R 2edn . L, BB G I 5t 5 B
ER A8, —Y T AE, 40, Visual Relationships as Functions (761 3 S@ITE| A
B DM HE D REARSE ST o O T N B AR ARTE A, Tmage-Agnostic!”]
TG IAKR B ARSCE G . 2T AR T E s ic ol b Johric &l 2 i P inas:
SR FE 3 J A B SR N A e 1 S P A iz 7Y, (R 3R I D i
0 e A R E i I EHE S, AT TRl 2s , AR T ALz AL

ap
He °

6.1 AUHRIA

s B Generation
man-horse 11
Scene Graph
Attack
person-riding-boat
Labeling

Unlabeled data

Pl 6.1 3% T35 5Pl eili (SGA) BBLEESE RGN

Figure 6.1 Scene Graph Attack for visual relationship detection

TEAZ, FATRE T —Fh 56 SGA (Scene Graph Attack) J5ik, M
H A& 2 ] — Pt I 2Rt b A AR e M A S5 1 A3 8 R A AR 2R . AT
A2 AT - B A e i O s 727, IIEI6. 1 . BLARHL, SGA FE37 5t 4]
XA R AT X, AR R H AR A TR RS R A AR . LA
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Conventional -
graph attack > .
X

attack

Scene Graph Attack

[man] [Ic:;arrrving] semantic
- ! srmermm—— 12 I:l\constraint
o [dog] -> [cat]
X ; O Sttack o /

Pl 6.2 gl Bulif skl (SGA) Jiikixttk

Figure 6.2 Comparison of the conventional graph attack and our SGA

FEBOIT N EAR R T 54398, SGA I 18 T3 5t I 4y i SL— B
W F 37 5 B PR AL e R Z TR R T ORIBRA Tk AT 2R, ANE6.2 7R . FEIL
i AR, AL ST TG ) AR 5 IR AR s B AR af s, AT ARIIES 55
el 1 4 R X — ik o R AR MCE AR, C AR AR R DA~ 3] 8 ) L fgk
TEAYFFAEZIE (B0, something that can be ride) , 1M ZM-5 SCHKIE R (41 “ride”)
A XHEEN S (B0 “person” Fl “bike”) MBI . SGA F=HE M 5 & =TT
LT T Bh 2 SR A AR B D AR 285 i A 1 25 Mﬁ%&%%ﬁ
TGN . FATRE SGA 5375 B AL B RV e —e, AT AEAR /D &
FRICHIREAR NGRS /AT AL . R SRR, SGA Si5sHi A 1,
HIEREI .

62 HREWRETENA

AT, FRAT R SRR TR AR I BB A i S R G B AR AL, AR
FAEAE A3 5 8 BRI A - TG SGA, e Bl A nihbnss . s
ﬁm%ﬁT—ﬁg?%%%%ﬂ%%%@mﬁ%o%?%EQW$%¢ﬁ¢%
F A MHESR AN 6.3 [ 73 o

6.2.1 IZ=EER

T A1 ] 3T GCN( Graph Convolutional Network )11 #4 7 Graph R-CNN {13!
BRORMBWIRRIA S . 48 — D REHMESE S X, GCON 134 245 VE ]
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Scene Graph Attack

Image with ROIs Select node i Find minimal perturbation  Attack nodes  Defend global semantic

motorcycle

man  woman riding Q
. $rwoman
wearing ;
O — ::
bike motorcycle shirt

- Relationship triplets
[ Pseudo labeling ]

Pel 6.3 2 T4 5t Pl Bl ¥ A R AR 56 R R IHE SR s 2 Pl

Figure 6.3 Overview of Scene Graph Attack (SGA) for few-shot visual relationship detection

Wi

%XW>, 6.1)
ﬁ$%§ﬁ@Awm—wwD%mriA=A+1,A¢1ﬁ$um%
Jy A R ORI . o OE ERE, WGBS, — AN E X

= (V,E) T BHREG [ Tk, v REBGYHES, ENAFRiER
%ﬁﬁﬁ%ﬁ%%ﬁﬁéoEﬁm%?&wMHNN%Eﬁ%%mE$,mﬁ
BT R, TR (E R 4. it GON {545, 3758 G ity H AR
T R B«

JIXO = (x01 ), x0 € R Jm BAR M IHEIE, X7 = (X[}, x) € R 75
A A ORE, 2L 0 R m AR EARRIEIA S, d, A d, (R E T
fEAERE . x? AORIAA{E 2 H Faster R-CNNUST S50 H A7 I HE £ T ROI-Align 2
SRR DX SAHAE , ] 1/ L I 2 0 LA I A HE 9 DX SR 20 16
tbo ARIEAZN6.1, HART f AR R Bl H BT 42 A 1S 10710 SR AE B 2 T 3T
T ] A B e S R P A T,

X0 =6(AWOX°+ AW X" + AW X", (6.2)

X' =6(X"+ AW X%+ AW X0, (6.3)

Horp, ARIFRIRSBEHRE (A™, A" € R™™, A, A™ € R™", A° € R™") MIEATHrxt
AT st Bl B 1 R N T e o S L s £ U2 /S = 27 S e
AR, s, o, Flr 3L TN (subject), %A (object) HIiffid (predicate).
n Fil m R FE P B ARRIE AT SORH . A% B RePNIP TR, 05
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BEXTHARZ B ER BLARRE . I DAERI IR R A TR 5 B R S BR T AR BT, AT
PRI RLZARCR . HAMR A AT T A TRk . ERERZ G,
B8 E AR RS AT R AR IR R AR B A A4

622 ip=EINEG

SGA 57l it % 1 4 R i X —E: R Mt 37 5 PR DA B e — 264 5 AR 4%
AT B BT 2 5T 513040 9 00 EL AR IR, AT A FL 3 56 2R A O B
[RHFE 23k . SGA 76 A° EFIEsh, xRS A BT AT A° H )
HAMARIEAE R PRI R o, LTRS840 A o T A A DA
R E B k. AT A = A° SRFORBBMRE, X = X° FoR HART A%
. f(AX) FRET R AR, g(A, X) FRET B 4 Ak,
F(AX) Il g(A, X) Je s[RI RE R B GON AR | i IR [ & V4 2 R0 26 H AT
A7 R A A A

P H bR s % FEE HA R W B T S A 2 3R, X2
B4 SR SORMUH T 2 BTk, T T3 St P ey 5 B B S e B Tl
Ao G R 7 iR SRR % R A A I B R L R X E AR
AT T RS, T SGA BT % S 3 B INiE sl , [RImiE 4
JE T S Al AR A . SGA 1 FEE B AR A VR Bk B |
T S A (/0 5 0 P O B AT e 3o P A3 U0 s e SR AT .
F R MR 2 S B 5 RO ey, AT 86 T RREZR ) 2 1 Bl

TRATE SCEART A | TRINARZE R 1A, x;) = argmax f(A, X);, & XHIRY
AR RS j € N, Z I BREIARRZ R 4(A, x;) = argmax g(A, X);.
SGA BT — A3l r € R" DUFABHARE A Al A” I IR 4> 25 2%
FC) PAE R BARRRSS , F FLR R HARE A AR A A

A(x;; f) = min,[|r||,

(6.4)
s.t. (A", x;) # I(A, x,) and §(A', x,) = 4(A, x;),
Horr, A" WA
A" =hA,i,r) =1 —R)o A+ Ro (1, — A), (6.5)

Hp R ZRIET ri— nxn 30, RIVHIIRIER O, FATIKE R, . =r. R;; =1
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FORVEREA G 1 j IR . 1 FR—ATER AN | R, 1) FRu
TEEEH 04 1 HE,

FEMEh: I TRMAR6A, FA1KZ 43 DeepFool B ik RE|HA
5 AR . B0 E, SGA #3068 H AR/ e ekAs U ARAREHAF H AR 5 i
Beat KIS R i/ MR D . FRATEE A 1 JEROR AT R AT RER IS 7 1
DABE B/ N -

£ 2
k = arg min lle. — ell5s (6.6)

ey 10011
Hot, we = VA, X) o= VA X RfL= FA XD — FA X)), AL
W, TR A X). e, Al e Xt B ARFRES UG 5 i i f o [ AU
e 5 5 ) B 30T 5 0 S B R S e/ Bl SGA SBRTETE LB _E A T
YA E T B Z IR (le, — el13) FE—2B00 D T35 5t 42718 Y
W E HAR k 25, ThEhr EEh

/i
w, 6.7)

w115
FLE (L +mr GEWS NI 5L i SEFF AR SE A 2B . FATTE = 0.02
PER—A/ N TAE T PAPRIEZ Y R RERS 2P B SR B . JRATTIEXE 5 i 3
B A" BT AR R E
AR B0 5 FR A IR TR o DR T A TR TRl AR A AN A ey > B 1
Teaky, AT 4= R Al BE AR S IR A3 5 BT S B — SRR M Bl JE i R AR =
Jedl. )RR P SGA Hi sk SE BN -

r—r+Ar, Ar=

Lsa=— D, 1 log(G(A’,x)), 6.8)

(xI.1)€ED,

Hoh D) FoR S E G, BB x| AT H BB B AR EARSE 1,
6.2.3 DHEAXFR

RO bi%s : BUA ARV FEsA T B IZR 2 B, AR AR ICER R T HiAb R,
| O bric AR R . BT AR o A2 v AU AR AR TR AR 1
& o BUONIBGERF AARIRZE s 28 s, HARIR AR =Jtdl (s—p—0) &
FARHIAE N (s" = p— o), Herf s, p Ml o F/nF4k (subject). i (predicate) Fll
#& (object) fFR%E. fEREMINIENH, KR =JTCHXPEIEHIEER]—4
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FIPERE M € ROCP oh | 0 MR IR AR H ARbr 25 2 R GE it 40 . C
P FR BTSRRI . M Bak A HIH B RS C i REAS T O
W% DIBREE M (s, 05, ) 22— P YERYIA—ALROMRR i, R B0 AR i AR
25 (s; Mlo;) MFITRFEREASZRIM A . FRATHORIZLEL T O M B (5 BAEAR AR b
PEATIN Sk

Lpsp=— 2 M, . 10g(4(A,x})), (6.9)
)eD,

Hrb D, FORRIMCERA . MEEBORBZ 1 =Jcdli=4:, AR M EEMZ
FEPERFR] THRTE, Al ARSI R 2 Ao il A=A S HERR RS Dhimic . FRATik
AT TN TVPAG, DA AR = JCAAEAR K R SRR 2 & & 8. 735
AT LT PR, T ARSI B

BN H b efic: FN BRI Rd AR G = BB B 37 5]
ARG . AT AR, 5 REER % (RPN) —FE, FATE AR
P —#E <2 S (BCE) 512k, Xl e I E 4 R e . R T AR i 55
el FRATOE ) e U R R > KA Tk, fniE R-CNNIT s 3 HoAy 1
o P T A 22 265 SURHI AR EA T H A S ] 3 28 o FATTF 370 5% I A A 2R 45 2
TN Lsgg, MRIUERPRCHES BITE . XFTsEEet, &AI5IA 7%
SN BREL, — 2 Loga, T EREN HART R B 005 18 5 537 5+
By 4 R SRS, WA aX6.8Fi s . Sk AR AL R0 27 ~) 3 ] HL & ik ) AL
Fak, (Al 20 A SR TR SR E H AR BIREAFAL , [FIIRUC R SGA 7= A iy B %
F = JCHPARACEFT OObnas . 0 — KR B0E Lpsp, MTIIARSICEIRA
St W ps AR ZE AR I 2R s E B AL AL, InA6.9F R . I 5 — A Byl
YNZRBI (s 71 B0 45 5% pR A -

£:£SGG+£SGA+EPSE. (610)

KT SGA WA PAT D AEA I ZA A A R e A ISR 9A2

6.3 SKELERRKR S

TEARTT, ATE N LRBOE A U BTk, SREHF SGA il 5
WA THEIATH L, HAE—B 58 R DREAR 2 S BBOE , SRS FRATIAL A
WO bR B, R B R A AR A T TR
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Wik 2 BTy s R (SGA) /DA & R4
1: Input: F3C4E D, FEARARICEHE D, .
2: Output: 5S4, P M.

3: repeat

4 XMEAKEA D MIER RS SIE G,

s MR SERERT G AT ST HET

6: repeat

7: M GHEFE— TR x,, HARE N 1A, x,).

8: iate— A Hhi & r < 0.

o: O AR . A AT6.2H1 A 36371 o
10: TR G A, IA6.5FR .
11 XX 265 i i) % 44
12: PEN v ]S By R RIRAE ke, AnA36.6/R .
13: R Ar DA, A6 TR
14: until i > n,,,

150 pIEAESE, R, MAK6.100R, B M.
16: PSS A .

17: until 2% >J I8¢

6.3.1 SEMISTE

Bdwdls: FRA17E VG Hdase o EIrhIaIm s, ST Ao R
R 2, BIUIZRAR 8045 SRR, RRAR 1173 K MG R4 2358 5K
%. VG P EARCHASE S 150 NXFZRIEF 20 AMETHZE, X N-shot Lo 3¢
FAGM , FATRHEE WA N A RR BN bR iC g . %7 H
¥y 10-shot %1143, D, £% 190 A~ EIZR A 20 B 1RZ46% 200 4~ & . D, 15 7,875
KA 18,303 DMARIMCHI K FR, AARCHIEHE RARE HARZombes: G
HEFIARSE ) o

PEINAT 55 M bs . FRATTHE AL 38 ¢ 2246 I i) A v VA 4T 45 SGDet, SGCls #il
PredCls [PPASEREAL, FEANHERRR T £ 841 Recall@K (K=20, 50, 100) #5475

WA A AR SGA 5EL I ETE VG #dii4E I 10-shot ) 431 ]
A BT I . Freq B2k J vk 0 H Ap 24 A 5 R 100 0] 14 174 2 2 A
. QR ERX R AHESE E, W Freq + Overlap Rk 2 W EA TR K R R4
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Transfer Learning 3£k ®152) (f ] VG $tdd i 50 426 R A i itsl, %3556
IR % R AR TR, Decision Tree 34553 T M5 76 2454 77 ol
AN Pdfeftt . Label Propagation 2854 SR —fi2 B 7 o 2K 05 BT ARD
AR SR BIRARCEE . BRI A ZFHBRGIERT, (URE A T
2 ) T AR AR T R ARIC .

VIZRANYS = FeA 145 DA ResNet101 Jg£f 1) Faster R-CNN il 2§, 04 F i
HUBR RISV N AL AE VG Bla s RN ZRA s . FRATRRREAL & et it
A SGA I L FHHT T 15,000 Yk RI%E, FEEETFHISEIIZH Faster-RCNN £
T A S SRR ST BASRIRE AT/ 26 FEBIUIE], RS M TR
DS E D) MR IR AR, 220 RICE A 0.005, FiJg, BT Sk s v %
BAERR A T SRR . (ARG 109 ) L g a XRAPEFFHIMY 15,000
YA YNGR, 2] HBEE 2 0.001 . K452 36,777 r 1R AL UL E A 10,
71| 2435 ) batch size K/ 8, FEPUH Titan 2080ti GPU 4% 1 1£4% 20 4~/
i (Mg BRAE R 2 6 A~/Ne) , ZEBEBLIN R R A 34 737 557 1R it

632 HEHER

LA AR b ke 1R, FRATTE VG /DR S 56 1 i 4
3P4l SGA #i887E SGDet, SGCls DA}z PredCls EH:RE, ET 4815 Recall@20,
50 #1100, WPAFEH], SGA BRI H Fif fEMERELE SGDet F st 1.28%, 1.84%,
F12.08%, UERH T SGA LE/DHEAS X AT 55 B btk . ELAE PredCls 4T
% LROIRTIE L, AR 1.31%, 3.72% i1 5.24%, B I0E 7 RAME 42
DA D BRI REAS T 12 3 g

PERE LS FRATERC2PWISE T SGA (LR EA ., SHEANEIN K
SUEH 10 AMRic R Bl SGA MILL, ] 18,344 ASAARIC 2 F 1 BRI 25
ff) GT Labeling Fi%4F SGDet (L5 KIEHE T . FeA1ET GQA Bk ™! hiy
3,795,907 MBE XK F , WU B ARRETRFR S LU X R G IHE R, IF
B GQA FRZMIH, AR A GQA 43 H A [ s TR M X A
IR B PR% . SCBRZE I, SGA PERE S GQA FRZ BRI MBI Y,
32X 2 HH AT T et 5k 7 A P 4 P R e b R S A A 40 A B2 GQA P
JE Sz A N

N TPk SGA i B A5 s 588 R LA AS BARTUINARS: ,  [F] BP PR FIERE 1)
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SGDet SGCls PredCls
Model
R@20 R@50 R@100 | R@20 R@50 R@100 | R@20 R@50 R@100
Freq 9.01 11.01 11.64 11.10 11.08 10.92 | 20.98 20.98  20.80
Freq + Overlap 10.16 10.84 10.86 9.90 9.91 9.91 20.39 2090 22.21

Transfer Learning 11.99 1440 1648 | 17.10 1791 18.16 | 39.69 41.65 4237
Decision Tree!53! 11.11 1258 1323 | 1402 1451 1457 | 31.75 33.02 33.35
Label Propagation®! | 648 674 683 | 9.67 991 997 | 2428 2517 2541
Image-agnostic Feat."”] | 17.69 18.69 1928 | 20.91 2134 2144 | 4549 47.04 4753

SGA (Ours) 1897 20.53 21.36 | 19.76 22.13 2325 | 46.80 50.76 52.77

% 6.1 SGA 55 UAT Jj IS AE D REABLE R R AL 55 LA PERE X LE

Table 6.1 Comparison of SGA with existing methods on few-shot visual relationship detection

SGDet
Models
R@20 R@50 R@100
GT Labeling 24.82 27.90 29.34
GQA Labeling 20.14 22.93 23.92
SGA (Ours) 18.97 20.53 21.36
7¢ 6.2 SGA BXIMEfE L3 bt

Table 6.2 Upper bound analysis of SGA results

HAREAE . T EEFIEER KR =Jedl e &5 AR T K R HH
FRAR—E, FATHEAT T AL, 2R = A BGE S R U AR Ry B = e
IR B PR K R THOE, WSR2 R 83.8%, X FRHAFRATAIA
RUARGF IR T T Rl S, A T ET IR KR = SRR

6.3.3 HRMR

N-shot B : 76466311, M THFSE A ARSI BRT R OISR N T4
T STHIRN, 7E N-shot YL AR E FUIZRZHIR, Joh N =3,5,7,10,
FEMIRAE FIFIPG . SCRESI IR, i NS O AR R
fl, SGA BINTEWIRSE E LBl T oA ROMERE . [FNY, R A T3 SGA I
B R . TTOAEE), Teith MR 2 R, e e
RETE 23 B LIt U 5l S — BT

AR M s JoBFSOR R I AR IE M T KA DS A itk
DLRORBIRE S B, NR6AFT R . 2, MM M I3 thbric,
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After Attack Before Attack

R@20 R@50 R@100 | R@20 R@50 R@100

3 | 11.53 1247  12.87 8.80 1046 11.23
5| 1628 18.08 19.12 | 13.59 1472 15.35
7 | 1736 20.03 20.81 | 15.57 17.02 17.96

10 | 18.97 20,53 2136 | 17.95 1993  20.62

4% 6.3 Al N-shot Bz B Blinif i) SGDet PEREXT L

Table 6.3 SGDet results before and after attacking under different N-shot settings

SGDet
Models
R@20 R@50 R@100
without M 15.94 17.98 18.99

Use M without SGA | 17.95 1993  20.62
Simulate SGA 1794  19.65 20.74

SGA (Ours) 18.97 20.53 21.36

¢ 6.4 LTy UhbE M RS

Table 6.4 Ablation studies about the knowledge matrix M

UE RIS AR VN ZRA A i Z2 s R AL e B R gl gE—20, FRNTie I 4k
TIA SGA HAUE BT AR ic B ) [T MR AR FE R . FEA AU R 00
N, R R A e HA R WL O RRAS . SEIREE R ERW], (i SGA Ik
BBUAT AZHAS SR M DAAE B IR i P, I HL B B S i
AE. XUEH] T SGA BIAURENS 2 ) T B Y ¢ RAFAE I 7 AR SEUERA Y Dh AR 25 Y E
71, MRS DA SRR . R T 30UE SGA RAULCKRF B AR AR % dedi i AE
A A2, FRATEE M TR BERALE, L TR = el 6 &R DAAR IR
B, RPN B A2 r i P 2 e L2 BEE/INT 0.5, MIFRATREHN B
T BT A R Y 8T i = 020 . SGDet [AZ5 AT SGA, X FIAFRATHIKL
T B RS S F XARZE, 0 “man” — “boy”, i HLAEMUAS AR 2L
A, 0 “dog” — “cat”, HFFILHFEIFIAM, 41 “kite” — “bird”,

e Pba%E: A TR SGA A thir& e, FATTERMCIES B
PAHFRATIRAL . T W H AR AL 5200, FAT13E4% PredCls 4155, AT
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Before SGA After SGA

R@20 R@50 R@100 | R@20 R@50 R@100

3 12281 2887 3280 | 30.34 33.09 3440
5| 3415 3832 3992 | 39.06 43.64 45.66
7 | 32.01 35.82 38.04 | 43.67 48.47 5098

10 | 42.17 46.60 48.85 | 43.97 4840 50.86

% 6.5 AbridBAELCLiNTA ) PredCls £} Lb

Table 6.5 The PredCls results of the unlabeled set before and after attacking

55 N BARR BRI ARSI FAE . ARTER6.SHEI RN, Fef]n] A5
HMPATEEE: (1) Wi/ N-shot BCEAYMEREAWFE s, XEMFATA AL
A SGA g ARbMCB L ER A tibRic; (2) fEXZ A, HT 7-shot ey
A S DR IC R PR BT S-shot, X ZRHHTE ZARIC/R BIRTETRZE A ] BEA SR
SHERRR DIARC, POAPRCIEM AR MCIEZ [ R o A e — e i 22

6.3.4 AL

REFFAE: ER6.4rF, FRATEAT -SNEPO 24 7ok B R RIE RS 24 Rk
AWFHAERIR o [K16.4(a) PTG T B0 i 5t Ial b 56 2715 RUARHAE , 117 1£16.4(b) 1T
WAL T B0t S5 SR 6 RAFAE . 2R AE 10-shot BEE NIk . SGA 242
Pesli o s Pl v iy E AR R R A 2 2 DA SE SOl () S AR« Sk 1 BRI
Wik, TR AR S AR R I AR — BRI RS . FRATTILER B e
JE Y 56 2T HE DABTBE BAT S B, il “carrying”, “sitting on” I “covering”,
X FE B R AT I 25 7T DAk A AR 56 R 2 312 ) T SR 1 X R RN I g
HEAh, FRATRT AR B AT RIS S & R AR AUBORBRI, B4 “covered in” il
“covering”, ULHAFRATA 70T AGRAS H T % R /R I S 208 U5 B

Griiid B e 6.5 AT R AN T )3 57 R B 2211, “cow™ — “horse”
A1 “hill” — “mountain”. WTPAHH], SGA 3 izt FllFE 40 e M 21 i) Hu s 1 H
PR BT T HARFREE . ¥ R4 Rt SCAR G LT, 5% A A o
VRGN 3 SR R ST B G, . SGA P2 3T B AR AR AU E 1 I
SEgREIAMZ, i SR 4 i SRR

Bri &R Br: 721166 - FATTR B0k w5 i H AR AR i 28 A HEA T 43 BT
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playing
/”—----‘s walking
fcovering = }-=, %
e e i
T - "'-‘-::.'.'-‘t:"‘"
2 "t
e
- L
parked on .
(a) Before attack
. -carrying
e T // covering®s
playing ( L
- N -y "
== \‘~- ——’/
Py parked on=="
Kngon ~ - o=
walking on - N
272 %”
L=
(b) After attack

Pl 6.4 3% RHFAIER T-SNE nfBLALRCR

Figure 6.4 T-SNE visualization of relationship features

Image with ROls Scene graph before attack Scene graph after attack
attack
Flipped edge:
ioinal standing on
Node Origine.zl label | New Iab.el reg;il::hip
1 hill mountain cow hill
2 cow horse ‘
-
3 grass grass standing on
4 cow horse New
> head head relationship horse mountain

Pl 6.5 5P diti (SGA) il

Figure 6.5 Examples of Scene Graph Attack (SGA)
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boy bear bus plate
o0 100 50 “ 80
250 w0 7 20 58
200 60 & 49
60 50 30 2

150 40 25
100 40 20 12
* - - p m ]
0 - 0 0 0

man kid girl dog sheep cat truck  car train pizza table bowl

Pl 6.6 Seakiiifis H babn 258 (055 vt

Figure 6.6 Statistics about the object labels before and after attacking

geit, BRI T e RYG R R T ER T = AR . WTLAE ], SGA 4
> =R B AR (1) AR ] o) B B 0 1) [ SIS0, 40 “boy” —
“man”; (2) JETE—ERAARLTIE, AU R R, W HIe % T
S SR S, 4N “bear” — “dog” Fll “bus” — “car”; (3) HA MR 5 RBARAE,
X8 5 R B 57 R ) 4 R v LA E , A0 “plate” — “pizza” Hl “kite”

- 6‘bird,’ R

6.4 ZRE/NG

I KR IR IR B AR DIy, BT DAY R UL E % A A
MBS YR e 03 2 AR R IR, HAEB IR . ST, AFf T
—FR I (SGA) 5k ZIT R R LB BEART IABLSE K AR
2, MARBRICE A2 S 27w B, (EA B E ) D B ic B I 2Ry 1 Ot
PASATHINE . SGA Y37 5t 1E Hh i H ARY mUdE AT Zed ibad oGP A Ry 3 —
B, AR ARG o) B I B A ILE ¢ AR AL o X SBHFAE B0 53 H A(a]
MESN KR, WA HARIMIEE . SGA A BT 5¢ F KL BURT Y
KA=IJCA, Al T BN AR R A D RAS , AT A A2 B (I o T g L
ZREALRIN R R . FRATTH T ¥ 0 Ja SR AR AL GE 5 ZR A A AP T it 1
— A FEERESE, W AR RN TR A AR ERARCEE , Hx a7 shast
TELPRE, AT e SRS S (1 52 R R ZRAEAS
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£ 7 . %:‘F‘E%*% xic Z;E/Jyhjuln m%‘ﬂﬂ‘

il

ETE ETBESCICHARESS
PAEI S B S0 EARRO TR DS 2 0, DA X HARIAIE S 56 RO .
SRR SEAE 5 LIRS (5 S T 5200, TIFERLSE R, Y Rk TH
W T I AT S5 B, TR M AT BB &1, IF 4 & S5 Bk
SERRAT 55 o PGS ST 55 R RE A TE EUSERR B v S T4k H AR ik, 1E
SRR, AR R RIES R AR E), SR EE. Bik
H, R TSBURMERE (RI4RE EAR) , ABLEH P  RE (B, FRN
ZEib A L), FPER (BN, BERE) SRR, WE7.15
TRe R T BT HOIRAR A O I 2%, Seq2seq™! R B sk R 24 e
BEFFARAD o U 4 BRI TR R R R SRR, AT AT 4
A

Cross-modal Memory

X RS
("

Q: Where should | begin?
A: Take a right, go back behind the couch

Q: Should | keep going straight or turn left?
A: Turn left and through the door. )

M, M, }\\Qt J Qq: Should I go into the kitchen?
: ®)
A¢ Sorry go straight. Y\

JI t

Pel 7.1 BLBER G AT 55 725 R

g
Figure 7.1 Illustration of the Vision-Dialog Navigation task
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7.1 HREERE

ATEAR M EEBSILIZ M 4 CMN (Cross-modal Memory Network) PARZ AU
HE SRR T AR T S RTLAE IR . CMN AL S AL IC R, 55—V Bik
A EICIOEE (L-mem) , SRR FCBLAL AT 2 18] 8460376 7 S SR A 244 i
XF %o L-mem BB H bne BB 1) iR b kTN — sy
4o B MEHURISEICIZEE (V-mem) , BB 5700 (BRI 75 X2
A SRR T T SES S ICAZ . ISETCAZFFAERFARYE L-mem 2R A ICAZ R
FFFESATRLA , S AR AT . 75 CMN 1, L-mem FI V-mem [ T.
VERIRR KT I e S SR — 2P L2 A5 R, I 24 w20 i g A 1t
PEME TSRS BT SCE R, AT 2 S R 0 S VRS 4

72 BEFICIZME
721 [EIBENX

MY NDH AT S5 19 5E 3, FEIFARXS TG SURT, ) e i — AN TE
BirHe S (EZREAMER) SR, —HERRER (S.1,.00.G;) 65
— AP S, —ME TR ER 1, —ASRIREIE po VA H AR KR
Gjo fER—Rxfd e, BRI O, Mg A, AR
FEYHIA SN — 230 N o RG-S 68 k fe B A4 - (o]
E-FBNFH < No, Q1, A, Ny ooy O, A, Ny >0 TR (8,1,,00,G;), — DL
VERTFALE B AT 0 < i < kA AN —DXT AR, Bifn, —
AN RIS Hy = { Dy, ... Doy}, Hib Dy = (0, Ao AR Lk e
X, CMN HERERIF e — g e - as ik R 4t - (1) gmfhds  THREA X
RIS ) P2 180 7 Xkl H, B2, WTAERL D, 1 B R SCRaR s (2) i
RS s P (e B AL ) g S 5 AT B AT 2 Fi e 3, AR e B R A 2
PR AE TR I ST BN A, . CMN B (g HE 22 & 4 1 7.2 i s

722 4$HERT

ESRE: BT B BN GloVe 158 x4 yixiE D, hits
AL, 38w, g, wor ), R T (03 O, W A, HHORITR. B
(PR LSTM S RS 0 { Ry ys oy} o $53RIG— BRI
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Hint about target t,

To find a picture in the room. |

Dialog history
Q;: Should I go into the living room or | — Sentence Language Memory
down the hallway? Encoding D Candidates
A;: Go into the living room. l %”/ ‘%t
Q,.1: Should | go upstairs? Attention CX) l erim
A.;: Go upstairs until you reach the top. I Attention —'%—» Decoder —
Current dialog Sentence ezf;ﬂ% next step
Qq: Do | need to leave this room and Encoding detx T
enter the room right next to it? ¢ %
Ay Yes the other room. — Attention

Vision views Tei
Vision Memory

s
_Resnet152 Attention _,%_, vioviy vl
previous stepT

1

Pel 7.2 36 TESBEECACRIBLIE R 36 TR R HE R

Figure 7.2 Overview of the Cross-modal Memory Network for Vision-Dialog Navigation

FHE by (EREAIE D, RFE, d, € RY, v L @XM FHRAKIE.

{hi 1y v} =LSTM({w, 4, ..., w; v 1)
(7.1)

d,=h, N
FRAf, AR R H, ST, 580{d, ), e R™L,

Pl A s T4 O 55 5 L RO A3, S 4t
BRI 36 SRR B R, SRR RO, 45X IR V,
(O 0 € R2S oo, AR T LA | BRI AL 2 A
723 HBIEI

FEATI A LA B 1T AL S TR BRI B R SRR R M T B AR e, V-
mem R TFAE ST R A S G B BT UL AR S 5, DAY Bl A 2 AR
RICAZIEA . e, FAVE L2 s — 1 % UARESITIZ o0 e | KB
KYEAETIHAE V,,, AT V7 1R 1 b5 Beshom 24wl e 2 Ja] F A
ATE S e | RV, W] e 4EIF HATSIE A UYE A

X = £ ) O fomy )

AU b, ) = e(XI e,
HAt £,O) T fomC) FRPIRNZ RN, R ARFIEGT S ¢ 4E. o fU5%
softmax % AL, © fURBIUEMAGRENE. EHEITFICILEM L, Kby

(7.2)
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RS (2 EICE

mem __ vis
Vs = 2 As,i Uts.iv (7.3)
i=1

W3t b S YA B IR, FTASE] V-mem ffH o € RR,
724 EEIEIZ

Y 5E AT VRS R D, FIRHIE T S A AE, L-mem Bibl 5 4R 250 0 1 5
ST YO R 2 1 57 S PR BT AZ . RS S e ), L d,
M, = { Y7o 4 S0 0 BRI 7 9 S8 R o TR T2 0 A (L
Wi e REX R WM € REXC SE4HAE d, FI M, 43 BIBLRE] ¢ = 512 4. 3514
d, MIAHEIDIZ M, Z [lf3EE Al

Al h,) = softmax((d,W,.2)(h, W)/,
t
d, = concat | { Y A, h,-)I/V,,VhI.} : (7.4)
i=0

d, = LayerNorm(d, + d,),

H AN SRR SRR, MHIXHE d, BN SCRRER R AR
2R, Bli)5 2 LayerNorm J2:

cf, = LayerNorm(f,an(cft) + ci,),
(7.5)

d*™ = concat{d,, d,}.

IS FERE 1T SCHHE d, AR RAR AT d,, 7T DAFHE]CAZ B e i T
R, d € R?C, L-mem HS7EZ kLR A HLRIIOELRE L, ATOAREENZE,
DA A 7 s AT 3T T SOy B i«

725 BEAITI

TE 4 B OUSE BRI 5 B B B e AR 2 0, Fed e
BRI TER ST, DMRIHE T S RUEIC 2 IRV SO S . el
PR B I A FR e M AE S B AE R VE RS, VT
PAEITIZ V" VR 1

eyt = Attention(d;"™, {v}), ..., V] }), (7.6)
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875 R TEREICIZ T 5 S

MIEICIZ SR BEA X IeHl B WA FA A sefE 5, ATl DA ACRE B S 3t 1 A 53
PV BT S 0 T, AR U A B A IR D e

e/ = Attention(e!”, {d[J, ..., d]"}), (1.7)

X HEF IO TR SH— IR AR5, SRR AXT T, W
e R X HFET =0 (1) df™ Rdda— X FHE d, AR
DT SO H, BT IMAGRHE R R, BRI 20E Ok E d,, B df™ $2
fhd, LTI E. M2 R, BGUZERAZER et ol AR B2 S
A ARG Z B ek (2) THE a7 B9 H A28 B AU S G s A =
OIS, T el ) H B 3] Seri e RIS & 2 AR K 2, AR L r
FH M AIRAS AP R e BEAR . (3) AXT7.6iE F B B AT 79 )
P BT SR R T A RN S LR SCZ [ B A HE R R AR, AT s T2
T AR GCIZE R

72.6 Bh{EMFRDER

S AETE T 152 MALGE BL I A E & T AT AR, AU RS
G S PR By S R SE T3 S5 2 RIAE IR P B ORI, AT R 2 i 9K s i B
e s R o A IS

A )
at,s = G(fm(ell‘]’sm))’

(7.8)

a, ; = softmax(f,(4, ;)),
HH £,() R fo() SR Z IR A s, HDAKE e M K + L ZEmests) K 4,
FUK G, o K WS M, M ORFINRSIERZE B8 o TN T 45t
FEAE A s 1A S AR AR 2R O VL R Pk R — 2 gk

73 EWERRKRSH

7.3.1 SERISTE

Beliidle: A1 CVDN St P, %aRgerE 83 4 MatterPort f7
1150 e T 2050 AN A5 RS A 7,000 S50, AEABIEA I T LA
FEFRR, BARfe sy 81 MR, REUCPAU AR 1EIT %, BRIGHS
P2 18] 1) 5 R 5 | G- AR S H A
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B TR TG PO R AR [ TR (1) % (SR),
LGB B R T 3m AU T4 L. (2) Oracle Hizhs (OSR),
EI 35T DA HL IS B Y BRI B R LTI (3) LR
(GP), fRFRI FARGLEITHIILIE. (4) Oracle BEEHIZI% (OPSR), fLBERIDA
L G PR RO I (AP RO TS, AR A T
BB (EMREH R 5, MICHE T AE S OSR AFA.

AR CVDN B9 LB (Navigator Path) LM FE %
HBig A OISR PP EAIN R (Oracle Path) 2tk LI FERURI/E
WA SHACEESS T A o L P B P S, JELR, DRSS B A
HAREEL T AR RS AG, B, CVDN BCRSEIEHE T RIS, i
Sy AU B (Mixed Path). 24 S5 BA GE 1T P BRI AT SRS,
BB P S SR, ST S s SR P B

%

732 HELRMATLTE]

HUAT DGR B EAEE (1) Shortest Path Agent ZEHERT 8 ] 550
IR IR, RS EGER E S (2) Random Agent!™ BEHI R R —4
77 ) I ELII BT AE Fi28 5 (3) Vision Only BTk, ST H % B (S ..
(4) Dialog Only £k A, AU R EIESFEE . (5) Sequence to sequence
A7) 7 SRS B — AR TR B A 4 NERT.1BT/R . CMIN 6 (7] MBS i
T Goal Progress PEREFEARIL T EVA ¥k, UEIA T RATH AR

Val Seen Val Unseen Test Unseen
Method

Oracle Navigator Mixed | Oracle Navigator Mixed | Oracle Navigator Mixed

Baseline (Shortest Path Agent) 8.29 7.63 9.52 8.36 7.99 9.58 8.06 8.48 9.76

Baseline (Random Agent) 0.42 0.42 0.42 1.09 1.09 1.09 0.83 0.83 0.83
Baseline (Vision Only) 4.12 5.58 5.72 0.85 1.38 1.15 0.99 1.56 1.74
Baseline (Dialog Only) 1.41 1.43 1.58 1.68 1.39 1.64 1.51 1.20 1.40

Sequence-to-sequence model 87! | 4.48 5.67 592 | 123 1.98 210 | 125 2.11 2.35

CMN (Ours) 547 6.14 7.05 2.68 2.28 2.97 2.69 2.26 2.95

¢ 7.1 1t Goal Progress (m) b5 LA PEfERT EE

Table 7.1 Comparison of the performance on Goal Progress (m)

RIS s FEATXF V-mem A L-mem A7 HIFEAL IS i £ b 0EF TR il
B9, SRRANRT2ANERT 3F7R o S — 47 LR M A BRI X5 i S il S A
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Val Seen Val Unseen
Method
GP (m) OSR (%) SR (%) OPSR (%) | GP(m) OSR (%) SR (%) OPSR (%)

Seq-to-seq®7! 5.92 63.8 36.9 727 2.10 25.3 13.7 33.9
VLN Baseline®! | 6.15 58.9 33.0 69.4 2.30 35.5 19.7 459
CMN w/o V-mem | 6.33 61.3 30.9 72.3 2.52 36.7 20.5 48.4
CMN w/o L-mem | 6.47 58.6 31.9 68.6 2.64 39.1 20.5 50.4
CMN (Ours) 7.05 65.2 38.5 76.4 2.97 40.0 22.8 51.7

¢ 7.2 e 4E 1Y) L-mem 1 V-mem BIHLr) it bE5E

Table 7.2 Ablation study about the L-mem and V-mem module on CVDN val. set

V-mem L-mem VL-mem | Goal Process (m)
4 4 4 2.95
4 4 2.74
4 4 2.04
4 4 2.54

¢ 7.3 fEMNALE 1Y) L-mem 1 V-mem BIHLr) it E5E

Table 7.3 Ablation study about the L-mem and V-mem module on CVDN test set

DA VLN B2k, Ffnild B F st E s FF AR 45 A V-mem 5
Be, MERT2MFRTIFUPABR N, MR ER R TIeai S EiciZiE, it
PERE TR O T MHIER L-mem A5k, AT S5 — A~ W &40 Py B 9 bR SO
BB S S HARCAZERAE I RR . T 2RI 3R AE Y, 428 i S AP
Be (L-mem) W, FRATIVERIMERESR R, X RIIEF LI THEH 952
DAARAS B AU bR 2 X T #ERT.3 T, AT R A 2f ki th e 18 h
0 DATH IR EERASICAZ FF3C (VL-mem), VL-mem 7] DA AF 2 P 50 S ifeE B 0w
Fhg, EFA RANBSCHUH EEE R FEEE . GPREN], HEERL
SEAGEAZn, FATRBRPEREA BT R

74 KREING

AR B A AR5 L E 3 57 BEAR- 5 22 S5 S AT A DA B SN &2 2%
AILSEAE S5 o TSN IS SRR S BOE T, FATBR IR R % (CMN),
2 9 2% 8 5 I 2 B BRI B RS ACAZOR AT B IR S0 5 UL 55 - 1 FCIZ
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AT PAR B AQBEER 00455 D S S b B B PRI RE S . BRI Ry
i Ae ERs R R, - SIESE ST EA KB, £ CMN H, BEMiESic
RS 2 RIS, G B QR S R 0 s A, i e B 2 1Y
SHUH AR SCERUER, FA TR EAE SO T AL 55 AT EET Seq2seq AALHL
7 WERRTE . AT ARG P, ARIRAERS L H IR TE 5 R
M e EE, RS E H s
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8.1 ANTIIERS

RSO FRIEE A T 350 P i BRI 5 5 L A, PA K H ARAI T
SCR AR [T AR SRR BRSE A B3 5 PR B B o A PRIV O, $
ARG ITIEMEEAED, HEIT

(1) $i 7 —Fh HARMER At , 55 B FARE QA AR 55 o i it
A H AR DSk A AT ORI ZS [R) SRR T3 H AR ELAS B, 51 M 28 2 = > SR
HmsE R H AR X . #£ PASCAL VOC, COCO #l ImageNet ™4 4E il
AR R, B AR 55 B A S0 T PERE P T B ik

(2) $20 T —FPSEBIRTE EEOAR, T8 B Bl 55 o R BORELT 5K
o A H AR R 2 > B AR — B, R it LR A S 81 i . 1 7 Ay 55
B3 BN, TS 20 SRR 0 TN AR . S2Ie R, BRI L0 43 #I1: BE
T EA I, HIORGEA TR E] . s, SCIIeiE TR =12 T %
SEFEBUE T AL H B B AR B L, Tesi AT N RN el o

(3) $eih 7 — BT RIS A eds . T ILSE S ARG o A e i
AT I SRR G [ SRR R A o) H b Xk [T SO, ZRTTRIYIERE
(A H AR DIk 3 22 Ml SC R X - e 2 AR ERYSCIR R, %A
T BENS BEAFALYE ¢ R AR RN AN T DL 5 2R 31 T S Jin VR R A 2

(4) $ih 77— Ml BRI, AR BEAKF BUA 73 v [ 5 Y ¢ AR HE PR
FEAEAT o, >0 DGR RIR 2 Bk e T A R SE 30 - A 2R iy . 51
KRk W], AR AR T 55 _EA %] state-of-the-art g, H.Al LAFISK H
AN TR ) R AR G SR

(5) $20 T —F FRBGEROR, A% T e L B ARz . %
BEARTE AW SR AARTEREAR , BEAE KR AR P 208 VI ZRkEAs , A
PR THILSE ¢ A LAY FTINAR

(6) $2 T —FPEEBESICIZI 4, T AEHE 5 SMUES o %M BRI
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