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2R K, 4 JLT Transformer 22 it 5 S HL K N 45 37 55 TR A il )y 345

IR ) R, MOk B2 T T B AR
SR A AT 55 b TR AL BRI A AR R E , 1 5
FRIERABE T, 45 BIASIRY BE A Mo P H AR A SC R .

PR B BE ) 5 [ A U RV U T 2 L (H
AT AFAE — BE [ A B BRBE o 185, — oo 2H By T e K
T2 — B B B AR A RS B2, — HH BRAS DA77 D
25 W EH ) i 22 0% 22 PI0I A vERA P LR, B
BRI A BAR KT B OCR A R BB TR
ZH AR IEAEAG o O, 7 AR TR A A
BRI B0k S ) B, BAFSE N D1 ERL R B H
PR rh AR A5 5 K 4 i T — R B s A
ATV R BT RS T BAR KA DETR A9 45
¥y, 2R FH A5 B 28 [ % CNIN (convolutional neural net-
work ) 55 Transformer 1925 5 5 W& Of = 80k il — oo 4 .
Cong %Wt T Rel TR , K4 5 5 £ LT 4500 1 — A
ARG TN [a] 80, BTt T S AR 2% F0 = JCZH R 4%
T4y BIARB =0 P & LR £ R Li %R F
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T 2o SRS A B R T A B 3 ) A A
TSR ), A — A 1) o3 PR
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i, BRI 0K BRI R, DA A A i AR T
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RS ORI, BRAT BB AE SR A (X o) b i R
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HESE , (AR X LAl S 37 5t rp ELSE i SR A ot
Sb, AR CRYRIE E AT RE T B U R —JT4,
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Fig.1 Rough-and-refine framework
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Fig.2 Rough-and-refine detailed network

[ 2 i1, CNN R4 B 22 % 2% (convolutional neu-
ral network) , EAQ & 5% & J&& %1 £ if) (Entity aware
query),TQG J —JC4H A h) A BUBEER (triplet query gen-
eration) , SER iy 3 5if 7Y 32 {& % /R (subject-enhanced
representation) ,OER MR ZIAZL R (object-enhanced
representation),

DKLUt A 9 ) £ A 2 o K BRLARRRAE L SR R
DL R TR A VR S i A BT K SRR s
A BNE R A, Z 5 7R TE T A s P Ak SN0
DI AR RNE IR B 2R ol AR RS SRS R] LAY
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2R R, 45 BT Transformer ZE4) (143 31 v LG I 28 3 5 PR A= B 125 347

AL I TR VAN N — SV TR A 2, P 1 A i i Ay 26
TN o FEVHTRN RS A P, AR SO | A ShAS AR 1) 1) ek, 1
SEARJEN AT 1) EAQ( Entity aware query ) FEHORE SEIASE
SSRGS R A A AR AR TR0 I R OR B
RS 78 73 b ) SRR L L DI 345 B A 1) 1) 35
7R R W 0A B R 7538 @) e RV, LK H AR F R
F . FVSZ KA B L, V15 A3 20 0 8 (9 1 in) &R
0L e R HRMHE AR
0,=CrossAtt(g= 0. k=F, +Re LU, X,...)-
v=F_ +ReLUL_ X,...) (1)

ent

A : CrossAtt (U RS E T 11T ¢ kv B
) BRI ; ReLU 27 305 B8 X, € RY M
AR 2 NG SEARAE L, B AEE DN 4 IS 3 d, AN SE A
SRS, T R AS 25 P I SIS AR 25 30 @ RN
REFIE F A SRR R F,y RV
F,,=CrossAtt(q=Qp.k=F'+P,y=F)  (2)

X, CrossAttfURBETEE St P e RT T RE
BT gm0 o 22 b, B R O 2 R T SR RS IR 1Y
TR S b, AR SRR LAl B U in— A1
TR 25 M 2% (feed-forward network, FEN )i | B o] X5}
—JCH AT
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REHE— A28 SR Z R IR 2 IR A BAR B, F80E X
FEIRABOWT , X BRI TR TR X A2 A% 3 B O 2R I BE A R
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k.
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(], 38 DR S ARE B G 2 QP RIS R S 5 R
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BART & AR ERAR P ASSC AT PSR AR
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W EURAFIE FORSHR SRR F o A INE R B R (A
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FMI B i 45 3 O MHA AR 2k a2 dLl .
EMI 5 FMI S8, SR AR IR A0 7 vk R A S iR B 7
X R, SRS B AR RS SR 1L T
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Eo =MHA(g=My k=F .v=F,)  (5)

EX=MHA(q=M" k=F, v=F.) (6)
o, S0 ES 43 A% 3 P 4 0 7 IR B A 7E
EMIBLER S (4 H 255
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JE R T AEA A TR s SR E— A i G AR
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BORS S 005 1R 2R 78 EMIRE B o i AR iR ) 25 )
FEURESAE FY 35 AR SR i A v ) FMIAH ) «

MM =MHA(g=Q,.k=F'+P,v=F") (7)
S M B A 7E MR % 25 58 5 4
THE B R A BIRLIITARIR F 1 FMUBL 4
SESR MR 2t 22308 i

PY=MHA(q=M} k=F,,.v=F,,)  (8)
o, PR R AR 1R PMIUAS e i 45 51
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AR ) AR RIRE S AR i (5 B AN T 1 — ool
FER BRI, H AT = S B2 (T3 1t 5 4 b 78R
0T, V5 ) 0 0000 X6 = % AT 0 4Oofs 2 AF B I, T
X TR I gt S A A M DA AN ) X — A
B, AR SCHE S T 4 58 78U 7] 7R (enhanced predicate
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prd _ sub obj prd
Mout _Mout +Mout+Mout (9>
prd _ psub obj prd
Pout_Pout +Pout+Pout (10>

X o 2 s B AR R AR AR S BEAE
T A B AR A AR R O AS AR T B B AR
B HRER A H IR R EARMEIRZ ML H KR
1.2.3  Fum| W -

AP SE IR, T X = IR R, i T AR A
LA T 25 SR o 25 PRI A T S T L2 30 A 4l
PAEZR R B B D, ALFE I — AR i L AR (x, ) T
ARARAE AR BE | T 5 T VS TS e B T I ) A A
R PL = JCH RN <F ., F o Fop M 0 A b
o,

Fsub:ESUb

out »

F . . =E, (11)

ob = Eout
Fyu=PL
ASON 3 ASAN RIS 53 531l <7 b P i 5 o 2 o 2%
SEJRCTBT o Ty 45 P 28 1 28 G935 7> ReL U JBCT BRI KR
AR — N ERMEBE 2 | 58 I 1 3 AN AL AR
HERY 1A
1.3 KRERHITE
FEA BRI R eR BT LG PR ARy, — B o
NSRBI LSS iy » 73— BB 3 WK A 15 1] A 451 2%
L 0SS yegicateo - JLZH LAY S R PR 0 AR -
L0SS8 ip1e = LOSS iy + LOSS egicae (12)
2, SEAAER 3 40 2% By AR 2K Loss,,, AR R
Loss; 21 :
L0880, = LSS, + L0SS (13)
el 7 2 ) DG S50 S AR L A2 = on A A Tl
I Z AN R R B i DG E R 19 = e 343 3
19 o X5 T 18 1) 45 2K, SR A8 LI $5 2% Loss,y, K
T

Q

1 N
Lossg,=—2: > > v;log(py) (14)

i=1j=
A N Cor il A AEAS O 5 By, AT 5 bR
B0, UNSRREAS £ B LSRR R 1, R A 05 p, s
RYTAEAS i & T 2850 j B HE 2 o X T S A (1 461 2% oA
B, AR ST TR I 5C T 2 A I AE | O T 46 M AE
OB ARSI T L 52 70 GIOU 451 2k 44

L0sSyq, (b, b )=0L, (b, b,)+LOSS G0y (by. b)) (15)
U, o F1 B o AT R RE AR, RS R o412k, b,
1 b e BB FHTIN F4) AGH I AR A1 L SIS AS A . PRI =50
AR RN N

L08S ipjer = L 0SS, + L 0SS o1 + LOsS (16)

3, Loss, il Loss y; £14 Loss , Fll Lossy,, (b, b, ) P T
IR L oSS breqicare [ EL TR LosS g0

—_

predicate

2 SR

21 HREFMES

AU S50 R RSCE A 1 A s 4l R T
R FF- 5 42 2 ———Visual Genome. %54l 5 &
HETFEG I = s SO, Ak 2 T 2L
AT S5 A SCH M Visual Genome H 3% BELH ) VG-
150 B da 4 i B e A0 45 150 FPAS [R] i S50 F0 50
FIANIEI ) DG 22251 . VG- 150 Bl 841 1524 108 000 5K 1#]
B T E MR EE R ST 2R S Y 5 g
AHIEIIESS -

s B A BT 55— Al 3 3 RO [R] 1 14155 < 3
1] /32 (predicate classification, PredCLS) 375 |8 432
(scene graph Classification, SGCLS) . 37 5t [ #; il
(scene graph Detection, SGDET) , T 55 Fit) M & 41 YK i
B Hor s PredCLS 45 7€ 3 5t b i) H ARG & IS 1), 22
SR R 33 s SGCLS 45 th s iy b &, 6 H
PR HIME L, SR T 5 H AR i 2800 FE 1) i 28001 5
SGDET {25 tH 2 Hij 3 5% , SR F0 1 7 5 R i i A
B G BARALE A, DL 125 AR IR S
I ¥E R SGDET 155, B B My e AT, {055 JEAL
UG AE B ANV K BARFE 045 BRI At ) £ F e 3
AR (G 05 F RS X AT 55 i B B
SEBR N 5, Rt 2% AT RIAE U RUS AR B A1
LT, A SHERUR AR e 8 1 35 R Y e
22 ZHAET

FESZH BT L %5 NVIDIA A100 GPU Ay {4,
GPU A7 40 G, XA SCHY RRM BRI Z5 150 457
H T ARV FIMERE , & batch K/ Ry 85 F T
I 4% 6 FH % UL 1 ResNet-50,, 12 383 (1490 1 2 > %
B 1075 9 4% 1 B AR ) B 2 ) SR E O 1070 4R
AR B AR, 51 ARG S DA R R R
107, 55 &b MR AR 50 3 5% i Sk IR L = e
4D 5 R 1 A 1, AR SR B SRR N R 100, 15 1)
BUE N, R 150, —Jndl R Ny o 200,
23 ENERMIERE
231 FHhEXR

T B AIE RRM 7R3 55 &1 AR AT 55 b Y 1 fE
B, ASCR T iz U T B — 2L PR 55 : re-
call@K (R@K ) F1 mean recall@K (mR@K) . H:H' ,R@K
AE 0% S WU 2 R B R R A b R R [l 3 Al i —
AR TN A AT KA = e AE LSRR S = nd] 2
R REFRF] 5 T mR@K 6 5 W) 23 % B — A1 ) 28 1) 31
BH—R@K, 5 J5 WOV 1 o X Fh AN 48 bR AT DL 56
AR R B 4 TR IR IR 2 0 = 2 R T, L
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J2 TR B0 B 17 A8 B B2 43 A 1) AL, 6 0 (A B A5 78
Xt T T R 2 % 2T e CR@K (BB R Ry) 5
AN
|G Xyl
|G|
2 X A BRI KA B0 B i i — e 4L,
B K20 .50 F1100; G it By 8 =04 .
mR@K & F5 (45 3 BRI A S 38 ) A0 1 20
AR e ) U ) LA AR ) 9 Y  mR@K (IE M R )
FITHE AT

Ry= (17)

A PR E A T RETE RSN S PR P T
S D I S v e LN N By IS RS < 17 = 6 g
HIR B, X TFREAET p e PO FIr A AR ER =0
Lo BRI A GP TR RN 9 X > — ool
A FIRE PR B 12 h X o

F VG T A TP B9 5 vk R B B
P BER )7 AL 3E . IMP™Y VCTree™ | ReIDNP!|
SQUAT 25 & (T X454 S A 1) 56 2 AT 0 o A
SR EE PR B A R 0 R@K, (A AR H
SRR AR E B K B B 7 $ A 45 FCSGGPY
HOTRP RelTR!"™ SGTR!" SGTR+?", 27 25 F Tl

» »
R = “1,' ‘G“XK (18)  ERBBLAY A 0, B AR,
per |G {H R@K TEFRZ B .
#z1 SHRBEVGNIAE LRSI ER
Tab.1 Experimental results of each model on the VG test set
T k25 Y R@20 R@50 R@100 mR@20 mR@50 mR@100  ZHH/M
IMP(EBM)™*! 18.1 25.9 31.2 2.8 42 5.4 3222
VCTree(TDE)™! 14.0 19.4 232 6.3 9.3 11.1 360.8
VTransE"™” 245 313 355 5.1 6.8 8.0 3123
RelDNP 21.1 283 327 615.6
PR B o
GPS-Net 233 31.0 358 75 10.7 12.6
GB-Net"* 26.4 30.0 6.1 73
BGT-Net™ 252 3238 352 5.7 78 8.9 203.8
SQUAT?" 24.5 28.9 10.6 14.1 16.5
FCSGGP! 16.1 213 25.1 2.7 3.6 42 87.1
HOTRP? 235 277 9.4 12.0
RelTR!™ 212 275 6.3 10.8 63.7
BB (19]
SGTR 24.6 28.4 12.0 152 117.1
SGTR+?" 26.4 30.1 13.1 17.0
RRM(ours) 23.8 29.1 325 7.7 11.0 12.4 76.4

AR SCHRE H A 1 RRMFE BB BE 7 vk P U T
BT () R@K 45 % , 76 R@20 . R@50 .R@100 45 4%
P F Al BB B L LRI &, AR S0 R@20=
23.8, R@50=29.1, R@100=32.5, 43 %] . H:Ath £y B
DV A 1 2.6.1.6. 2.4, mR@K 1545 5 T
FCSGG .HOTR . RelTR J5 ¥ LA B R Z2 550 1 W5 [ %
2,095 3 T mR@20=7.7,mR@50=11.0,mR@100=
12.4 9\ FLEC T &, A SCRYAE AL 4 T 4 T FCSGG Al
HOTR ; R@K Fl mR@K 7~ T BE M #5431 F Rel TR , 1H
RelTR S #{(iw & /N ; Xf Fb SGTR 1 SGTR+AE Y | A 5C
) 15 8 fE R@K . mR@20 DL K Z 8 & b W4, i
SGTR il SGTR+7E mR@50 F1 mR@100 $& Fr | B 15
T AR LS X RS 35 T SGTR 15 3R] 7 s
e s T B 21 e e, T o ) AR R S AT A
FE I 1 05, K S AR O — A~ 4 R DL
[i) 51

F T RE AR 1 R 0 A (R AL, B A E mR@K A A

) RMA — &I E, 51 AT logit 4 58 J5 %
(logit adjustment, LA™, i LT $2 i Dei i) 2 1) 2 A1
ANEIRIR)E, SR 4 AN 2 iR L SR logit J% 7 i
J& , BERE mR@K $8 bk b 2 82 T, 9F H “body” il
“tail” i I IR 2 1) (S BRAR 58 Hh S R AIR ) 28 01) ) B i
B2 {H R@K Fl“head” ¥ 43 i1 1) 288 1) (1 BUARL 3 15
FI2E51) 32 B2, A AR FERE TR
R2 BRKESHHEHSERELER

Tab.2 Experimental results for addressing the long tail
distribution problem

" R@ R@ mR@ mR@
1
o 50 100 s0 100 "ead

body tail

RRM 29.1 325 11.0 124 308 154 5.7
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Tab.3 Comparison among rough part, refine part and
other models
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Tab.4 Ablation study on each module of the refine part
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Tab.5 Influence of the number of encoders and decoders on the model
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Fig.5 Rough-and-refine model prediction for Case 3
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End-to-end Rough-and-refine Model for Scene Graph Generation Based on Transformer
L[Junliangl, LYU Shirongz, LI Wei'"

(1.School of Aeronautics and Astronautics, Sichuan University, Chengdu 610065,China;
2.College of Computer and Information Science, Southwest University, Chongqing 400715,China)
Abstract:

Objective Scene graph generation is a critical task in computer vision, enabling a comprehensive and deep understanding of visual scenes. It fo-
cuses on identifying entities and the relationships between them, ultimately requiring the model to output a series of triplets (subject-predicate-
object) and a graph-structured scene representation. This places greater demands on the model's understanding and reasoning capabilities. Al-
though existing scene graph generation methods have achieved substantial success, most models are hindered by either an excessive number of
parameters or inaccurate predicate judgments. This study proposes an end-to-end rough-and-refine model (RRM) for scene graph generation to
overcome these challenges.

Methods The end-to-end rough-and-refine network model proposed in this study for scene graph generation consisted of two components: the
rough part and the refine part, which were responsible for predicting and updating entities and their relationships, respectively. In the rough part,
image features were initially extracted using convolutional neural networks and a Transformer encoder. These features were then input alongside
entity queries into the entity decoder for self-attention computation, resulting in preliminary entity representations. In addition, a predicate de-
coder was designed to follow the entity decoder and generate predictions for predicates. Predicting relationships between entities requires consid-
ering both entity information and image feature information comprehensively. Therefore, the predicate decoder took image features, entity repre-
sentations, and predicate queries as inputs. Specifically, entity representations were integrated into the predicate queries, followed by further atten-
tion computations in the predicate decoder to obtain predicate representations. Through the rough part, the system gained a preliminary perception
and predictive capability regarding the scene. However, due to a lack of information interaction between entities, this stage struggled to excavate

deeper semantic information. In addition, ambiguity remained in distinguishing between subjects and objects, necessitating the design of the re-



354 TRER2ESH AR 5557 %

fine part to enhance performance. In the refine part, a triplet query generation module was first established to support subsequent calculations for
triplet prediction. Since a triplet required the prediction of three distinct types of information, subject, object, and predicate, three paths were de-
signed: the subject path, object path, and predicate path. In each path, the model incorporated image features, entity representations, and relation-
ship representations derived from the rough part, utilizing cross-attention computations to integrate different information. In addition, the predic-
tions for subjects and objects were fused with the predicate information to enhance the representational capacity of the predicate component. This
design allowed the model to more thoroughly consider the states of entity pairs during relationship prediction, fostering a deeper understanding of
the interactions between subjects and objects. After the model completed the representation of triplets, it was required to produce specific predic-
tion results. The subject and object needed to predict their categories along with location information represented by bounding boxes, which in-
cluded normalized center coordinates (x, y) and the dimensions of the bounding boxes (length and width). In contrast, the predicate only required
the prediction of its category. Predictions for the different paths of the triplet were independently executed using feedforward neural networks.
Each feedforward neural network consisted of two perceptrons with ReLU activation functions and a linear projection layer, facilitating both cat-
egory classification and bounding box regression.

Results and Discussions Several commonly used metrics in this research domain were employed, including Recall@K (R@K) and Mean Re-
call@K (mR@K) to evaluate the performance of RRM in the scene graph generation task. R@K reflected the overall recall rate of the model on
the dataset, measuring whether the top-k predicted triplets can be found among the true labeled triplets. In contrast, the mR@K metric calculated
an R@K for each predicate category and then computed the average. This evaluation metric placed greater emphasis on the model's ability to
learn low-frequency predicate categories within the dataset, ensuring that infrequent predicates received equal importance as frequent ones. This
was particularly critical in addressing the long-tail distribution problem present in the dataset, as it demonstrated the model's learning capability
across all predicate categories. The proposed method, RRM, achieved superior R@K results among single-stage methods, outperforming other
single-stage approaches in the R@20, R@50, and R@100 metrics. Specifically, the RRM model achieved R@20 = 23.8, R@50 = 29.1, and R@
100 = 32.5, which were higher than the optimal values of other single-stage methods by 2.6, 1.6, and 2.4, respectively. The mR@K metrics ex-
ceeded those of FCSGG, HOTR, RelTR, and most two-stage methods, reaching mR@20 = 7.7, mR@50 = 11.0, and mR@100 = 12.4. In a verti-
cal comparison, the model significantly outperformed FCSGG and HOTR, and also demonstrated better performance across the six evaluation
metrics, R@K and mR@K, compared to RelTR, although RelTR has a smaller parameter count. When comparing SGTR and SGTR+, the model
performed better in terms of R@K, mR@20, and parameter count, while SGTR and SGTR+ exhibited better results in mR@50 and mR@100. In
ablation experiments, the results indicated that each module made a positive contribution to the prediction of scene graphs, with the removal of
any single module leading to a decline in the experimental results. The FMI and EMI modules have a significant impact on the model; removing
either FMI or EMI resulted in an average decrease of 11.7% and 8.9%, respectively, as these modules introduced crucial scene information. The
TQG and EPR modules also provided measurable improvement, with average decreases of 4.7% and 5.2% when removed. The model represented
in the first row of the table, which excluded all four modules, was equivalent to the rough part, showing an average decrease of 24.9%.
Conclusions A scene graph generation method based on a rough-and-refine network is proposed to address the challenge of inadequate predicate
representation. Experimental results demonstrate that the proposed network model achieves strong performance on public datasets, surpassing ex-
isting models across several key evaluation metrics and enabling the accurate extraction of information from images to scene graphs. Visualiza-
tion experiments conducted in diverse scenarios confirm the model's capability in scene graph generation and highlight the performance improve-
ments provided by the refine model over the rough model.

Key words: scene graph generation; computer vision; artificial intelligence; visual relationship detection
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