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PKHOI : Enhancing Human-Object Interaction Detection Algorithms with Prior Knowledge

ZHAO Wenhao. MEI Meng, WANG Xiaoping and LUO Hangyu

College of Computer Science and Technology, Tongji University,Shanghai 200092, China

Abstract HOI detection plays a crucial role in visual scene understanding. With the advancement of deep learning technologies,
vision-based interaction detection models have achieved promising performance. However, most existing methods lack the utiliza-
tion of prior logical knowledge.sometimes leading to unreasonable predictions. Additionally, while some methods employ spatial
information and human pose information for reasoning, they only construct losses between inference results and annotations, pre-
venting decoders from learning accurate implicit relationships. Therefore, this paper proposes the PKHOI method, which enhances
existing HOI detection algorithms by leveraging prior knowledge,effectively improving the accuracy of current HOI detection al-
gorithms. Specifically,it constructs a logical rule table from the training set.encompassing object functionality, spatial relation-
ships, human poses,and verb co-occurrence. These rules are transformed into first-order logic and mapped to continuous space.
The prior logical rules are then incorporated into neural networks through loss functions during training and matrix multiplication
during inference,enhancing model accuracy. Furthermore, this paper proposes a method to generate human-object pair queries by
fusing multimodal information (spatial, semantic, and human pose information). Combined with logical loss functions, this ap-
proach guides the decoder to learn more implicit knowledge. The proposed method enhances two mainstream HOI detection algo-
rithms, UPT and PViC,and evaluates them on V-COCO, HICO-DET, and Flickr30k datasets. Experimental results demonstrate
that the proposed method can effectively improve the performance of existing approaches.

Keywords Human-object interaction detection, Prior knowledge, First-order logic, Pose information, Multi-modal information fu-

sion
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8. end for
9. for query in queries:
10. o7 P 5 T AR A R S 1 queery X 1) 58 T B 3 A ABE K 5
11.  end for

12, A2 6 — A8 HH L i &k
13, X QO HE LK
14, ARAEAR R T H W% SR
3.6 SEWRFBEIISHERERE
FARTEYIN LR Be Al F 1 S5 30 1 32 58 10 000 %o 1) 2 o A 0 AT
WEB A2 i T R AR AR TR A R o0 A [n] R, A S 52 R B

H R BOAR D, B I I Shad A2 R 2 DAAR 4 Hb 2 3 B B 1) 38 45
FL PR, E I R G BE LA P TR Tk 0 TR 3R 3B R 0 o
RS R IATE]

B I F— A AN - 5% o, FE AT BN 2 0. 55 ]
KR p NBRES g AEIELE R Z )5, 7 LUAR 9% 12 5 90 0 %

TR X SR b, IAERSTE . XSS E I ny, T AR ]G
RWESMAE ¢, HE BT
sLol e sLplesth,]s oNpANh, =0
Cop = (20)
0, oNpNh, 7O

HorrosLolssLpdssLh, I AR 2T o AW X FR p M

ZE5R b, BT AE R B AR b O AR R — A A T
NN g e A B T St~ D WAL OB O i N [ B I B 2
HH A 3 A MU X o 4 A ST A

sLo] e slg] e slhnls oNgNh,=O
Cow = @D
{O, oNgNh, 7D
sLol = slh, s oAh, =0
— (22)
{O, oNh, 7O
¢, = 2 slh,]eslh] (23)
hiNh, =0
Hd, g, 8 G AR R AMEZS W T B 2 R B 1) 3 B

PEIX 3 ARL I A AE ST (H .
SR AW
slhy) =slhyl—pC,—®+C,—0+8—0+¢ (24)

Hofr W po@,0,9 52 B E BB S80I = 0 O RS

WRNE 5 R,

Bk 5 R R

WA B R REA

i 1 - 3 B B KL R 4 58 I B0 A B R

1. BEHE A s

2. o B0 1 G 0 A TR 5 S ) e R R SR/  — B BE

LA 53 2 AR AR A AN SOGB4 28 ) L T AE B A R

A T B 0 A R A A - query s

5. {0 38 AR A B L A query XOF R3S B SR RO 5 // I B

6. i (200 — 20 (23) 718 1 %A ST 5

7R R 2 T E B2 S B SRR

A& B A 4 Rl R U T A 2

w

4 kI
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4.1.1 ShHEs
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COP¥ A1 Flickr30KM , HiCO-Det™ ) {1, & 47 776 1% K% , {9
15 80 XA HIAN 117 A iRl 285, Wi =42 T 600 F HOL
SO, ZEAREAEE 3 AT HE D T AREIA 600 F
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IR T, B T RGN IR A . L R A 6
B .

El 4 HiCO-Det %4 4% 53 &l F 7= 6l

Fig. 4 Examples of some images from the HiCO-Det dataset

Bl 5 V-COCO $ud 443 [ J s
Fig. 4 Examples of some images from the V-COCO dataset

€l 6 Flickr30K 4% 435 4 &l s il

Fig. 6 Examples of some images from the Flickr30K dataset

4.1.2 FEHIRBK

AW LR AR BRG] 1E R LA CentOS
Linux release 8. 5. 2111, 4t # &%y AMD EPYC 7763, 41 %% 3
7k 80 GB WAFAY A800 i,

F1OFLRIHEE

Table 1 Experimental environment
LI TR FIEEE
BUERA CentOS Linux release 8. 5. 2111
g ¥ AMD EPYC 7763
2 F 3 X NVIDIA Tesla A800 80 GB PCIE
L2 80GB

REFIER PyTorch 1.10.0

4.2 EMIERR

X T HICO-DET Bili 46 . th T HOZ 2 00 KA 55 45 1
1490 {1 FH] S 34K )2 447 {8 (mean Average Precision, mAP) {E &
T I8  IF HXPH 3 A F 40 DI BEAT I8 . mAP 2 Hirfa
045 358 5 PR AN FE AR 2 — . i i T & Precision-Recall
LN A, B8 05 25 G S R B T 7E K B (Precision) Al A [ul %
(Recal) FyREL

XET V-COCO™™ Ko i £ . 4 BB 6 1 AP AE R 3FA0 4
b, HAL AR R SR A 5 T BT ML, 5t — sk
D N R 1 I 3R 481 G SR Sl 4 E A HLN P E I R
F 0.5 ELXF R 4 2s (An[0,0,0,00), D4R 2 931 2 1E
B SE ] TR R S A sk PP R iR AP,

s Z R e/ N I 3 R ), A SR sl 4 E i B P AE
Z 8] 5 B KT 0. 5 (Z Mg AR R A9, Tl AR 2 10 2 1 g
B, 35 T A GO 1 COCO 2 51 (1% o0 WEA 45 F7
AP .
4.3 ¥ib:ig

R A AL A PERE A SR B T T JLAR R -
A H R W g B, B FCLMY, QPIctY, UPTM, STIPMY,
PViC™ fl GEN-VLKT™ 4§, 43 51| i | ResNet-50 Hil Swin-
Large V5 ¢ iE 42 I 26 30 47 92 98, ) A 42 H 9 PKHOIT 3 5%
T HAPAEE UPT 1 PVICHS, I 55 31X BB R R 47 %) 1 .

DFCLM B AY 4 $2 B N ARERAE 5 9 R R AR 2R AT R
I38 1 2 > ML R 5 32 AR B R X 4 fig

2) QPICHY . 2T DETR #93 £ 3% A9 HOL #0758 . & X
DETR K Transformer £5 4 3E 47 T 2l , % Jin & 40 09 46 0 sk
A3 T L AR R A IS0 AT =22 A B

3HUPTN . — Fh Wi By Be #5801 %7 41 B9 Transformer J2
K4ifk DETR B4 RRAE, T A-P38 B 4325, KL — TR
TR REX 2R 7% P R T 2K A B S 401 L ik e R SR L TR S A
BB T R

O STIP™ 2 58 1B A T 1 5 Pk 40 43 o0 15 A Jis 2
B, 1 5 A s B, AR 5 ) 25 8 IR 1Y Transformer
¥4k S 803 5 @B N - 38 5 SR R B

SYPVICHST BT T — A~ mi sk 19 38 1.3k FHF HOIL kil , i
3ot 2 (] 51 S5 19 28 LI R 0 R I 6 55 G B R A7 %k iz Y Tl
R IR I A BRARRAE BT 51 A NP3t s,

6)GEN-VLKT0 48 1 7 — Fh 3L T B R 4 38 19 HOL 4
T T 24 58 s, 5 6 D TR UIN 5 4 00 -1 5 A AR o 3 IO
T FIRT CLIPS b i 5615 5 0 PO M 3 5 R 4 2%,
W TR CLIP HZa & B0 6 I, 38 5 X6 38 H. G 28 A0 B fige

TDFGAHOI" . —Fp 3 T £ RE R A (MSS) 43 )2 25 8] &
A I (HSAMD FIE 55 A F CTAMD LTI 9 HOT A6 i 4
B, 22 RUBESRAE DA 75 3 S5t v 32 PR L R R 22 L X3 1Y
FRAE P AR BE f HOT SE 615 48 5 R 2 Wk 25 T Jg e
AT 55 I B TT HILDRE $2 ARG AL 5 A 3 A AT 1 X 5%
MG It
4.3.1 REEK

AR SCGE E 558 ) 32 8 0 R 2 I 4% AT R, R
T3 50 B A5 (9 HOL A I 5 3%, 76 75 A 2 IF 8048 48 HiCO-
DET™* 1 V-COCO™ |- ¥47 U4 T+ 7 J b A 20 1 M i

280 T 78 HiCO-DET™ (¥ 4 F . i i ResNet-50
Fl Swin-Large 1F & backbone i 5245 4% %, i Jl ResNet-50
f£} backbone, PKHOI(UPT) 7£ J& 45 #5 AU 5y FL il E mAP 2
F+T 1.45% ; PRHOI(PVIO) £ JF i A Y ) B ik 1= mAP $2 7
T 1.17%. i Swin-Large f£ N backbone, PKHOI(PViC)
E AR AR () Al - mAP T T 1.47% . HICO-DET %4
B 1T DR A /b A ) sk L B A R OG TR Cn S+
%) . PRHOIL 3@ i3 S5 56 i 32 58 B0 00 Can = 45 A v) B ) B3
A A BT U620 X W A 5 A RS, B T 4 A L 28 ) 1
ZALBE 77, fE “Rare” ¥ & (F WL3) |, PKHOI(PVIO) $& 7t
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F 2 HiCO-DET %4k sc e 4%
Table 2 Experimental results on HICO-DET dataset
%)
Method Rackbone Default Known Object
Full Rare No-Rare Full Rare No-Rare
FCLLY Resnet-50 24,68 20. 03 26. 07 26. 80 21.61 28.35
QpiCLH] Resnet-50 29.07 21.85 31.23 31.68 24,14 33.93
upTLI7] Resnet-50 31.66 25.94 33.36 35.05 29.27 36.77
STIPL4] Resnet-50 32.22 28.15 33.43 35.29 31.43 36. 45
pviclis! Resnet-50 34,27 31.56 35.10 37.92 35. 36 38.95
GEN-VLKTE30] Resnet-50 33.75 29. 25 35.10 36.78 32.75 37.99
PKHOI(UPT) Resnet-50 33.11(+1.45) 29.51 34.18 37.10 34.79 37.62
PKHOI(PViC) Resnet-50 35.44(+1.17) 32.26 36. 62 39.48 36. 10 40. 49
FGAHOIS) Swin-Large 37.18 30. 71 39.11 38.93 31.93 41.02
pvicLisl Swin-Large 44,32 44,61 44, 24 47.81 48.38 47,64
PKHOI(PViC) Swin-Large 45.79(+1.47) 46.01 45. 80 49,27 50.59 49.03

33 T V-COCO™ g 4 I, i ] ResNet-50 Fll
Swin-Large fE 5 backbone [ 5£ 5 45 £, fili F§ ResNet-50 1E
4 backbone, PRHOICUPT) £ Ji 4 B B iy JLfilk | AP 32 T
T 0. 7% APSARTE T 0. 5% s PRHOI(PVIC) 18 i I 45 2 1
FAh B APSLARTE T 0. 5% APEARTE T 1.2% ., fli ] Swin-
Large £ 5 backbone, PKHOI(PVIC) 7 JiL #f #1 B it B il b
APLARFHT 1. 2% APRLRFET 0. 6%, V-COCO H 4 5
FEE /N A 10000 £ 3K K4 (H & HICO-DET 9 47 000 £
TREE) . B a2 504 24 F R L HICO-DET #9117 #).,
PKHOI i 832 IR 24 LU T JLAS R B . 1) PKHOI 1 3% 4
FL 22 3 F YN SR AR M . V-COCO H I 3 1 1Y 1 A i
B T EOH N R 0T T T R TR R RE Y A B/ R A A
B 2) B B 1 BRI 26 BT Ol 5E 32, 4 “hold” 5 “carry” 7E
V-COCO H1%t— H “hold” F 75 , iX fifi 15 2% 5 HLW) ( B. /% 24 3K
BRI 55 5 3) V-COCO B 45 (9 W0 Bl 37 57 ¢ 86 3 17 ) o ke
KA B L T PKHOT A 32 55 5000 55 9 25 51 75000 25 1) 40 5%
21 ) it I B 2 R 4 S AR AR X R BIA A9 B0 . ax sk
A & 3L 7] 530 PKHOI(PVIO) 78 % B0 5 1 19 48 FH iR B R &
1 HICO-DET %44 I,

1E V-COCO ¥ #& 4 v, PKHOT(PVIC) 4 Fb T i i 455 A1
B —E T HS STIPH i DIffHOI™ fy 52 5 25 51 A5 77
TEZE X T8RN N - STIP K 22 B A6 I 43 o “ 38 B 3 LU/
B 25 R BAT Transformer 1467 W0 B BE , 2 B Br 40 1L 4L
HITEIE W T V-COCO 33X 26/ B RO A b i 4 kL B2 O 4k V-
COCO #8037 5t — A7 12 15 5 BUW ¥y o B 2R 1 00, it g
DiffHOT 2 T CLIP #7443 285 % Be 0% ) 45 S0 8048 1 o =2
P, WA 44 37 5 T 8 B o 3 0 Ak EE i

# 3 V-COCO H¥la4E iy sgi 44 1
Table 3 Experimental results on V-COCO dataset
%)
Method Backbone APSL, AP,
QpICL4] Resnet-50 58.8 61.0
upTL7] Resnet-50 59.0 64.5
STIPM42] Resnet-50 66.0 70.7
pvicLiel Resnet-50 59.7 65. 4
PKHOI(UPT) Resnet-50 59.7(+0.7) 65.0(+0.5)
PKHOI(PViIC) Resnet-50 60.6(+0.5) 66.6(+1.2)
DiffHOIL43] Swin-Large 65.7 68.2
pviclisl Swin-Large 61.7 68.0
PKHOI(PViIC) Swin-Large 62.9(+1.2) 68.6(+0.6)

4.3.2 RMWER

AR S0 3 5 06 14 32 A B DU X LR A4 Bl i) 0 AR 2R 4 AT 4
HLaE 7 R, B 7 B 7 AR 7C) (- 7 4 R R
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¥ 09 2R SO S AT . 7o B 7 (D TR A L
F IR AL, PKHOT 4 55 3 i8] 09 7000 A% 2R 308 47 T A &0 3
s & 7(b) V& 7 (o) B, PKHOIT X 1E 5 3l 18 B9 7 90 o A
BRI RET

PViC
PViC(ours)
Holding:0.17 Straddling:0.60 Lying on:0.74 Sitting_on:0.13
Ground Riding Lying on
Truth Straddling

7 R PR T 45 2R

Fig. 7 Prediction results for some images
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B AR R A EE S A FRETHEETEEF XS, H X
POy ik e = 36 B . AR S0 E - A8 o R R AR
TR T S5 s A Y B R B A AR
A5 B A BN - % 2 10 FAE N AR 3 2 O A 7 G
R, 51 510 B R B -4 B fih ) S B X . BN
AR X 33 58 4 (TOB) A9 MR &, 450 8 7 S U 1) I 5 ok st o 2
2] 2] OB 5 10 3y in) Z 8] B9 6 & B FE & 151 2 5 3 e il
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M5 AT 50T R KE LB SR 72 8o b L i
5 M w1 TOB e, A5 AL 32 7 45 v 7R R 5 Fn 1
LB AR AR 8(o) BB T ERBFE.H
MR 231 TOB ¥ ) F 0, 8 BKG 19 75 07 48 v A6 N0 IR 5 R
EAMF AR R T SR B AR 1 4R A A
T RBIA LSRG R E ) W R P e A 5 A
O (S 1

(a) (b) (©) (d) ©

Washing:0.57 Holding:0.74 Riding:0.68 Lying on:0.46  Reading:0.12

o -----

Washing:0.71 Holding:0.71 Riding:0.75 Lying on:0.73  Reading:0.32

PViC(ours)

Washing:0.71 Holding:0.76 Riding:0.77 Lying on:0.74  Reading:0.48
Ground i " Riding Holdin;

W : g
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K8 M E T A s R
Fig. 8 Results of attention mean visualization

4.4 BEHIFEEZUIERIE
4.4.1 FEBEE

R 98 UEAE R R B84 4 A 1932 AL RE 1 #E Flickr30K™
R AE DT T B BRI AL R IAIE . R T HEAT E M AT
AR SCREMLEEFE T 150 5K EI% . B 47 18R 55 K W) 47 5t O B 4 14 A
AL, DR 4 T PTAG AL AL 1 8. A PR HiCO-Det
BlEE Ll %0 PKHOIL(PVIC) 8 &L, backbone 4 ResNet-
50,38 13 A RS A A TR ) 0 45 SR L R ) R B A A T By = )
I X LA AT A AT
4.4.2 RMEHRER

B9 /R T R AL AE I B HE 4R i T IR 6, dn
& 9Ca) M 9(b) IR, %F T HiCO-Det ¥4 4 b 17 78 19 32
T AN AAT AR TR iR T A AR SO IR R
PR A PR R, AR WA 9 FTE 9(dD
FER , BT F HiCO-Det %4 48 A H 3000 9 i & HAH ¢
28 H (U 2 SRR “ M4 27 M B VE LB 40 45 L B 475 g
HEAT WA U, 3k Fe WA A B BT Az AR RE T .

(a) (b) () (d)

B9 3R R D 1
Fig. 9 Successful recognition cases
& 10 Jg s T MR gy ) e MR . an &l 10 Ca) I
10Cd) i i FAE AL B 2 30 3o 19 38 B 28 50 (A “ B AR F 0L K
AR S 2 B AR A AR EB 43 3 B i, PKHOL(PVIC) B
AE VL H IE B 00 58 T2 R, (H g 1 B A AR, XFh IR 42

F2 By T AR 0 B M B T AR S W AR T A RE D) A
. WA 10 FE 10Ce) B R » % F R0 o WL 5 ) 45 5 28 1
FON T AE N B BRI AL 4 , PKHOL(PVIC) K fE 52
IR B0 U 5 3K S TR R A Ak B R L Sk 1Y A 2% 58 B it
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Fig. 10 Failed recognition cases

4.4.3 HHE#®

LA RRY AL IEEEBEES R TN ML
R N5 A AT IR R A A8 B2 (n g Rk ) ) R
H—E Mz ARE F7. X R AR R ) 2 ) 8] T E A A4
22 LA E R 8 A 223 0 A 1 A B AR R B
T 1 4B 12 Al M 8 R 6% 76 0T 00 500 o A b DR R R A
PHIMERE . SR A SO AR A — 8 R B < T3 4 0
X H R 2y ) 40 i BE 5 RN B TR R DI AR OC AR
TR RS S5 0E T o A5 200 Xk 58 T 6 TR i 0 S g 5 kS 0
BEAh X U vh o H A 52 2 38 B AN R RV R AR
A H 72 B A R i R I R R, XS
ST A AL A A ST R L 2 S A e 1 R R
4.5 HRELIE
4.5.1 RREAL 64 F AR

A/NTT ST BN A AR A B R R A A A
ROME . RS2 38 ] ResNet-50 4E 5 backbone, 7E HiCO-
DETY B4t 4 FAdi 1 PKHOT(PVIC) K B k47 52 5, 4531 2
30 4~ epoch,

WFE 4 BT 48 s A i) A RS A 2 A E B LR
Jo P 3 A 0 A T B A L B A R 2 () A 2 TR
A A6 B A 900 45 3 AR K L T LA U B2 T T Y o
Bk,

A R IR RS 2 R

Table 4  Ablation experiment results for different modules

%)
GS:‘:ZOI' I{nglf Inll';(jfgc:cc Full Rare No-Rare
— — — 34,27 31.56 35.10
NG - — 34. 69 32.14 35.45
- NG - 34,91 32.18 36.08
- - NG 34,59 32.09 35. 24
NG NG — 35.29 32.18 36. 45
N - N/ 34,79 32,14 36. 14
- NG N/ 35.05 32,21 36.11
J J NG 35.44 32.26 36.62

M 4 PATLAE i T A2 RG] S i B AR
BN S 3 5E A A H T T U 2 BRI AE LE A R 40 A [ AL Rt
O 5 LAY 9 58 H 2 o A AT LA 4R T O 31, 56 060 42 T
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F32.09%) . B, A S+ AR 0 B A <Ak B
HRH N AL 25 HE I OSB3 527D 30 1l 8y 1) < 47
HHLTH B IR W AT 0 T AR
4.5.2 RATEMAERE T MLP B R

A /NI BIF T R A ) A B R xR RIS AE B AT &
PG 22 2 8 AL CMILP) (4 4 3% 122 J2 BO0E Hi 3 285 SR A 5
Wi, S G AN A P B A ) A A 5 3 R K R U 30 A
epoch, 403 5 B3l .24 MLP ZH0CH 3 B3GR . JZECHh
1 B RCR AN, 300 B B AN 4 3 B2 2R TR IR A A0 S B A R R

BRI

£ 5 MLP ARZEA L5 g 1

Table 5 Experimental results for different numbers of layers in MLP
%)
Layers Full Rare No-Rare
1 35.12 32.02 36.17
2 35.23 32.18 36.40
3 35.29 32.18 36.45
4.5.3 R ZMAERG AL

AS/INTT RTS8 B 25 1) A B A s Fil S A [ 2 AR e X 4
PREERA R, SE 0 (XA P RS A 90 AR RS O i 2 4
& 5B EAREL, LR 30 4~ epoch, FERUNZE 6 5], H 5 4
LB S PVICT AH T, 5250 25 SR 3R 0T, 25 8] % B 1y 5
X T T A o P O T, 2 2 g s AR URE L MR R OR
W B AT

6 A AR R R

Table 6 Impact of different query modules
%
Spatial Content Pose Full Rare No-Rare

N - 33.54 30,17 34,55
- NG - 33.04 28.31 34,43
— — J 33.59 29. 65 34,76
N NG - 34,27 31.56 35.10
NG - J 33.91 29.28 35.29
— N N/ 33.72 29. 14 34.92
N NG N 34.69 32.14 35.45

4.5.4 EHIBER Y RRANRE NG Y@

AT AR S S TR 5] 5 Y 22 4 B AR b AN [ R
MR pyw.0,0 XFHEBSE SRAY R, SCI 7R R IR PVICH
pi RO 5 BVl B (L NG o 1 T [ S S
Bl 11 Bi7R oy @,0,9 43 5 5t N alpha_posisalpha_pose, alpha_
obj.alpha_verb, AT TE 43 5 B(E» 0. 25,0.15,0. 3,0. 225
B, mAP B i KAE . SEIRZE AT LUE ¥ DI g 1k Cal-
pha_obj) X} 5 F (1 52 FHAR /N AL T 0. 396, 3 3 B S0 A5 A Y
T 2 BE % AR 95 2 IS 9 0 i 1) 5 E o 4 AT UL L A N R Bl R
23 ] 96 Z M Calpha_posD X 25 R4 T B E (+1. 2%, X 2
PR 23 0] 56 &2 HOL R il i A% DR EE 4 WA B W)
FEAI AT A5 B M Calpha_pose) [H & &3 A ) M 7=
(ViTPose B 22) Ml % 35-3) 1F 2 Sk (I 3 577 %) B 22 #f 5y
FE) AR RO B S 3 K (£0.5%) . Ak TAETE 456 AL
RS B A AN T LUV 45 0 1 BT
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3440 ~+ alpha_obj
R 343
NS
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