Rethinking the Evaluation of Unbiased Scene Graph Generation
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IMR@K vs. mR@K.

[ J [ J
w #Toning Samoies Ranking across categories may break category Independence.
100000 - )
o mR@50
0.96 0.88 IMR@20
80000 - P & SE o I3 & & o o d @ |:|\ 0.86
a‘;fo, & .So’oq & o > °§ °:§*~ ::?c{? Sg? f j q?go: §Q$°’§0 & & o f f« S“%? ze"'? 050, -LS; b§ ) f & o 8 & é”i 5’0@-\5 5:9 CO m pa re to m R K’ 081 0.82 |
SFELSO > § S @ S S 2 & & .80 § S @ o 4 o &S &0 § o ) o 4 & TP £ .
§ESFGFe 8508, 8583688, SEEFTF ST F FEEF S8 F $EeFFS 058 §355:.65:¢¢ IMR@K provides a more
parked on-{if] .55 o.5¢ parked on i o3 o2 parkedon g T | | | ]
1 riding - @ riding - o.56i o.60 ™ f . f h _
40000 wearing.- wearing- ﬁ @ @ w::;::_ @ - 0.8 alr SCO re Or t OSG OVEF 0.0
walking on- H . @ ﬂ walking on - =] walking on - 059 0.26 H :
oo estimated predicate
carrying. W NeEmE = carrying- - - carrying- o : "1
0 at s B = at- at- boo
. . s & ) ) wears - we?rsf ﬁ.%. oso wears - 054 037 06 Categorles o0 MLANERERNRRRRRRRURNRNY WRNRNRMNIRRRERIRIRmR RN I nnnnnnaannnun
ing - ] b using - pk i P i i 5.8 8.8 R s L0 4% > S o0&es S oy 'S
holding - @ m holding - E . holding - 0.48 s i l;*é' .gk:,fb ézig‘r \0‘9 géio\fé\:’ ‘9'00‘?0 Q\.\ééo °¢c$’§l- ° $O$QJ§SQ QA‘
()
sitting on- sitting on- ﬁ sitting on - 0.43 “ ° <Q ,g §
° ® ® ° ° of - or @. @ﬁ of - gt 0.4
L tailed distribut dicat CEDEEAE IMR@K R@K/R@K
ong tailed distribution of predicates ot = = e w VS. m e o
H - standing on - -
y sanding on mEm-DED - T By considering both data
watching _ tchi . = o @W - n- s - recal . . . o
laptop watching mounted on- oss oo pssfoss fmounted © — mounted on - - =00 (mR ISTripution and cCOompaosSItiona
-~ H belonging to- = eong!nl_:;o:: : belonging to- : - oo WIMR) . .
looking at = = iz tachat o diversity, wIMR manages to
'Ccat, |apt0p3> — attached to- @ @ .= near- 059 near - . 0.20 - N
- - 0.70 [] [ []
in front of assign high weights to
Biased Output Unbiased Output After Sofmax \ di +h rich :
~ near P P o predicates with rich semantics
* {
\ , - W, »—‘ o e
o . . o . . = OSSO SS and low weights to predicates
N W oy e Y . * =" = . e
o—0O near Ass:gmng equal WElghtS neglectmg compos:tlonal dIVEI'Slty. oo TF s T :
reb s aerersabsbeesseasorssermeremistesressiore  With simple semantics,
<lamp, laptop> behind § CUSERITES SO SEIIST ST ST
e In [ [ (] L] . ] . . . [] s A f S{§ éyo(?ég \oéb °°$@§0@ °~oq'°4° \A: §§ ? o§$G3 <
lamp The compositional diversity of different predicates varies greatly. We devised a simple experiment and §ETE e R A

desk

Incompleteness High Correlation

Due to intrinsic complexity of the task and these inevitable
annotation characteristics of SGG datasets, it is hard to properly
evaluate SGG models.

Predicate Knowledge on Objects

We investigate the intrinsic correlation between objects and
predicates from a new perspective. We turn our attention to the
distribution of object categories under each predicate category
and obtain a new statistical prior, Predicate Knowledge on Objects
(PKO). Directly aggregating PKO into the inference results of SGG
models can improve unbiased performance of SGG models.

2ij=12ij+bij,

observe that the predicates with limited compositional diversity have a stronger correlation with subject-
object priors, which can be simply improved even without visual information.
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Independent Mean Recall (IMR). We suggest independently ranking and output top-K (K =

10/20/50) predictions for each predicate category to calculate their own recall scores on this image.

Weighted Independent Mean Recall (WIMR). We suggest reassigning weights to each

predicate category c according to the complexity of their compositional space. We count the number
of composed subject-object pairs n,.for each predicate category, and reassign weights to each

predicate category c.
T
ne
W(nc) — T
) kec n,

wIMR = Y w(n.) x IMR(c)

ceC

Benchmarking SOTA Unbiased SGG Methods and PKO

Method PredCls
R@?20/50/ 100 mR @20/ 50/ 100 IMR@10/20/50 wIMR@10/20/ 50
PKO 10.10/15.51/19.44 17.86/27.38/33.93 38.03/39.02/40.90 29.75/30.79/31.38
Baseline | 59.19/65.59/67.30 12.62/1596/17.23 14.53/16.11/17.45 24.80/27.99/30.97
TDE | 33.35/45.89/51.24 17.85/24.77/28.72 27.33/29.52/31.06 32.64/35.59/37.72
Motifs DLFE | 44.28/50.33/51.99 21.86/26.81/28.53 26.37/27.92/29.03 31.49/34.02/35.73
NICE | 48.15/55.14/57.15 23.67/29.83/32.24 28.35/31.31/33.12 31.61/35.26/37.84
Reweight | 26.57/36.08/40.39 23.98/30.79/34.48 35.39/36.58/36.98 36.13/37.52/38.05
RTPB(CB) | 36.58/42.64/44.36 27.61/32.78/34.57 30.55/33.30/35.02 33.63/37.16/39.32
PKO 49.08/55.95/38.18 2498/31.44/3398 29.73/32.46/34.21 31.77/35.51/38.51
Baseline | 59.72/65.86/67.50 13.26/16.82/18.12 15.36/16.99/18.30 25.31/28.58/31.58
TDE | 34.48/44.89/49.20 19.07/25.61/29.13 27.24/29.46/31.03 32.59/35.70/ 38.05
VCTree DLFE | 45.35/51.21/52.775 22.53/27.36/28.86 26.46/28.28/29.30 31.49/34.27/36.01
NICE | 48.38/55.03/56.92 24.42/30.74/33.01 29.03/32.01/33.93 31.72/35.41/38.12
Reweight | 28.66/35.62/37.90 28.64/34.93/37.28 34.70/36.95/38.30 34.41/36.94/38.42
RTPB(CB) | 36.65/42.39/43.95 28.64/33.41/35.11 30.57/33.47/33.50 33.22/36.99/39.50
PKO 49.39/56.06/58.18 26.06/32.20/34.61 30.61/33.41/35.29 31.98/35.73/38.88
Method SGCls
etho Ri@20 750/ 100 mE @20/ 507 100 IMR@ 10/ 20/ 50 wiMRE @ 10/ 207 50
PRO | 72671048/ 12.46 11.23/16.77 1 20.13 2051722477 23.11 16.04/ 17.13/ 17.68
Baseline | 36.39/ 30,50/ 40,35 1.4479.00/79.63 1.69 /7 8.65 /957 13.65/ 1570/ 17.76
TDE | 2046/ 26,31/ 28.78 Q787 13.217 15.07 13.98/7 152271629 16957 18.69/ 20.16
Motifs DLFE | 26.63/29.79 /7 30.61 13.23/15.66/7 1648 1475/ 15.82/ 16.57 17.96 /7 19.65 / 20.85
NICE | 2948/ 33.06/34.05 13.63/16.67 /71788 148271676/ 1802 17.00/ 1935/ 21.07
Reweight | 18.67/23.49/725.47 1349/ 167571834  17.82/18.69/719.23 191372038/ 21.14
RTPB(CB) | 22.66/ 25.85/7 26.65 1577 / 18.16 / 18.97 16,087 17.68 7 18.81 18.51 /7 20,61/ 21.99
PRO | 30417 33.99/35.05 14.06/17.59719.12 15.87/ 17.49 /7 18.66 1743 /197271 21.72
Baseline | 4200/ 45.80 / 46.73 Q097 11.287 12.04 0727 10.89/711.94 16.52/ 1890/ 21.26
TDE | 2348/ 31.17/3459 1036/1447 /1672 1581/ 173271848 1971 /721.73/23.35
VCTree DLFE | 30,09/ 33.85/734.80 1617 /71923 /2020 1881720004 720062  21.757 2358/ 24.65
NICE | 3377/37.84/73899  1614/2003/21.29 17.89/1991/721.59 20.16/7 2277/ 24.80
Reweight | 2044/ 24.66 /7 25.97 18.72 /228872419 2214723667 2458 220472393 /725.07
RTPB(CB) | 26.06/ 29.63 / 30.61 18.67 /214172252 1964/21.41/22.63 22.04/724.41/72593
PRO | 35.01/739.10/ 40.40 18.43 72227712374  19.88/721.72723.01 21.14/7 2377 I 26.09




